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ABSTRACT

Drought is a highly damaging natural event having a significant impact on the
environment, agriculture, economy and public health resulting in a cascade of
vulnerabilities across several sectors. Drought occurs in all climatic zones mainly
because of deficit in precipitation for a prolonged period. Every year significant areas
and population around the globe are affected by drought which can last anywhere
between weeks to years. Understanding the numerous climatic parameters affecting the
variability of rainfall and outbreaks of drought is a major scientific challenge. Due to
changes in the climate and activities by people, there is a need to understand the various
catastrophe causing due to drought and adopt measures to overcome and prevent the
drought consequences. Drought prediction emerges as one of the crucial tools that can
provide helpful information and may be used to mitigate drought impacts.
Meteorological drought is a type of drought that results from inadequate amounts of
rainfall in any region. The study has been conducted in the Indian region consisting of
thirty-four meteorological subdivisions. The study aims to analyse the rainfall and
drought indices trend using the monthly precipitation data from 1958-2017. The Mann-
Kendall test has been applied to determine the trends in rainfall and drought indices.
The Effective Drought Index (EDI) and Standardized Precipitation Index with 9-month
and 12-month timescale are the meteorological drought indices that are assessed using
monthly rainfall data. These meteorological drought indices are predicted using
machine learning algorithms such as the Genetic Algorithm-Adaptive Neural Fuzzy
Inference System (GA-ANFIS), Particle Swarm Optimization-Adaptive Neural Fuzzy
Inference System (PSO-ANFIS), and Generalized Regression Neural Network

(GRNN), and the obtained results are compared.

The Mann-Kendall test results showed a clear indication that rainfall has been
consistently decreasing during the study period, leading to water shortages and dry
conditions. Understanding both rainfall patterns and drought trends is therefore

essential for efficient planning and control of the numerous impacts of drought. The



machine learning algorithms employed in this work show they are capable of predicting
meteorological drought indices under various climatic situations. Based on
performance measures such as coefficient of determination (R?), Nash-Sutcliffe
Efficiency (NSE) and Normalized root mean square error (NRMSE), comparative study
of the models shows that hybrid machine learning models (GA-ANFIS and PSO-
ANFIS) perform better than the non-hybrid model (GRNN). Notably, it has been
observed that, as the timescale for the drought index increases, it shows a better
performance with more accuracy of the performance metrics. Based on the study
findings, it emphasizes in assessing the rainfall and drought trend could be beneficial
in understanding the drought behaviour and identify drought prone locations and
develop mitigation strategies to overcome the drought impacts. Overall, this study plays
a significant role in understanding the rainfall pattern and its distribution for water
management and planning for future water use. Adopting hybrid machine learning
algorithms for predicting of meteorological drought indices may provide a better
outcome for drought assessment. Also, assessing the historical droughts provides a
better understanding and management of past drought occurrences. Future research
attempts could be focused on improving drought vulnerability mapping by modelling
and probabilistic climate data analysis. Additionally, understanding the dynamics of
drought may also be improved by investigating at how drought occurrences begin and
terminate. The exploration of alternative hybrid machine learning approaches and the
incorporation of additional drought indices could contribute to more robust evaluations

in assessing drought conditions.

Keywords: Drought, Effective drought index, Standardized precipitation index, Mann-
Kendall test, Drought prediction, Machine learning algorithms.
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND

Drought is a natural disaster characterized by a prolonged period of deficient rainfall,
and its impacts can be far-reaching, affecting various aspects of human life and the
environment. There are four main types of droughts: meteorological, hydrological,
agricultural, and socioeconomic drought, each focusing on different aspects of the
phenomenon. Meteorological drought refers to a deficiency in precipitation and is
primarily concerned with the atmospheric conditions and lack of rainfall. Hydrological
drought involves reduced water availability in various water systems, addressing
impacts on water resources and the overall water cycle. Agricultural drought occurs
when soil moisture reduction significantly affects crop growth, livestock, and
agricultural productivity. Socioeconomic drought considers economic and social
impacts, encompassing water scarcity, food security, and economic consequences for

various sectors.

Drought consequences are severe and multifaceted, leading to water shortages, crop
failures, increased food prices, conflicts over water resources, and reduced hydropower
allocation. Addressing drought involves adopting drought-resistant agricultural
practices, establishing early warning systems, implementing contingency planning, and
building resilience in affected communities and ecosystems. Climate change
exacerbates drought conditions with changing precipitation patterns and weather
systems, necessitating climate change mitigation and adaptation strategies to manage

associated risks.

Under the changing climate, drought is projected to become more prevalent and
devastating in many regions of the world (Spinoni et al. 2018). Detecting the onset and
termination of droughts can be challenging, as it may take weeks, months, or even years
before their occurrence is realized. Even short and intense droughts can cause

substantial damage to local economies and livelihoods. Drought mitigation and



management solutions can be developed by understanding the causes and consequences
of drought. Droughts in certain parts of the globe have resulted in reduced food
production and increased food prices. Thus, the socio-economic and environmental
consequences of drought mitigation and management framework should be considered
(Hassan et al. 2019). Globally drought has a considerable impact on agriculture,
migration, human settlement, etc. Considering the different studies conducted by the
researchers, initiation of drought planning, drought preparedness, drought alert and
drought mitigation plans are necessary to set up in all the regions.

1.2 CAUSES OF DROUGHT

Droughts can arise from a complex interaction of natural and human factors, leading to
significant water scarcity in affected regions. One of the primary contributors to drought
is the insufficient precipitation over prolonged periods, resulting in below-average
rainfall. However, human activities also play a pivotal role in exacerbating drought

conditions through both direct and indirect means.

Factors such as excessive water consumption, unsustainable irrigation practices, over
extraction of ground water, deforestation and urbanization can deplete water resources
and exacerbate drought vulnerability. Additionally, excessive irrigation promotes
desertification leading to drought at a certain period. Deforestation is another
significant human-induced cause of drought, as it reduces water storage capacity in the
soil, leaving the entire region more susceptible to drought conditions. Moreover, the
imbalance between water demand and supply can contribute to drought situations. With
a growing global population and extensive agricultural practices, the need for water
escalates, potentially leading to more frequent and severe drought events.

Global climate change is yet another factor that influences the frequency and intensity
of droughts. Altered temperature and precipitation patterns, shifts in weather systems,
and increased climate variability can all impact the likelihood and severity of drought
occurrences. Rising temperatures contribute to increased evaporation of water from
various water bodies, reducing rainfall and exacerbating water scarcity, thus amplifying

drought situations. It is crucial to acknowledge that the causes and characteristics of



drought can vary significantly from one region to another. A comprehensive
understanding of the specific causes of drought in a particular area necessitates detailed
analysis of local climate conditions, water availability, and human activities.
Additionally, the combined influence of natural climate variations and human-caused
climate change can further complicate the causes and trends of drought events
worldwide. Therefore, developing effective strategies to mitigate and adapt to drought
conditions requires a multidimensional approach that considers both natural factors and

human influences on water resources.

1.3 IMPORTANCE OF RAINFALL AND DROUGHT STUDY

The study of rainfall holds immense significance in climatology and has been a subject
of extensive research over time. Analysing rainfall data is a crucial prerequisite as it
serves multiple important purposes, including monitoring flood and drought conditions,
facilitating agricultural planning and management, forecasting tropical cyclones,
evaluating soil moisture conditions, and assessing freshwater availability. Rainfall
stands as the most pivotal factor in comprehending the distribution of precipitation
across different seasons and spatial scales. Understanding the distribution of rainfall
across different seasons and spatial scales aids in assessing water availability, planning
water infrastructure, and implementing conservation measures. Accurate information
about rainfall and drought conditions is vital for ensuring preparedness and mitigating
the impacts of drought events on various sectors. Rainfall patterns are influenced by
climate change, and studying rainfall helps in assessing climate change impacts.
Moreover, studying rainfall patterns using long term data provides insights in
evaluating climate change impacts, enabling researchers to model future scenarios and

develop adaptation strategies.

Drought, characterized by prolonged inadequate precipitation leading to water deficits,
has far-reaching impacts on flora, fauna, and human populations. Investigating drought
allows us to comprehend its effects on individuals and communities and explore
collaborative efforts to minimize its societal repercussions. As one of the most harmful

natural hazards, drought's consequences are widespread, affecting multiple sectors of



the economy and people simultaneously. Their consequences are broad and prevalent,
affecting multiple sectors of the economy and people at the same time. The impacts of
drought are extensively varied and dependent on the socioeconomic environment of the
affected community. Consequently, choosing appropriate drought indicators for
monitoring and early warning strategies becomes critical to address varied impacts
based on the socioeconomic context of the affected community. Drought early warning
systems plays a pivotal role in assessing the availability of water, climate and
hydrology. Drought study entails measuring changes in precipitation, temperature,
surface and groundwater supplies. Ideally, they involve both prediction and monitoring
components intending to provide information before and during the onset of drought

and trigger actions that can reduce potential damages.

Rainfall and drought investigations play a crucial role in identifying flood and drought-
prone areas, enabling the development of disaster preparedness plans, early warning
systems, and risk mitigation strategies. These studies offer indispensable insights for
water resource management, agriculture, disaster risk reduction, climate change
assessment, and ecosystem preservation. By understanding and mitigating the impacts
of drought, sustainable water availability can be ensured, supporting the well-being of
both human and natural systems. The continuous analysis of rainfall and drought data
remains essential in the face of changing climate patterns, safeguarding communities

and ecosystems from the adverse effects of extreme weather events.

1.4 INSIGHTS INTO DROUGHT TREND AND DROUGHT
PREDICTION

Drought trends and drought prediction offers valuable information for understanding
and managing water resources during drought events. By studying historical rainfall
data, researchers can identify long-term patterns and changes in precipitation, providing

crucial insights into climate variability and potential climate change impacts.

Rainfall trend analysis helps in assessing the distribution of rainfall across different

regions and seasons, enabling better flood and drought monitoring and agricultural



planning. It also aids in predicting tropical cyclones and understanding soil moisture
conditions and freshwater availability. On the other hand, drought prediction plays a
vital role in drought management and preparedness. Early warning systems based on
drought predicting allow for timely detection and preparation for approaching drought
conditions. This enables water managers to implement proactive measures to mitigate
water shortages, such as water conservation, groundwater management, and demand
control strategies. Moreover, drought prediction is essential for climate change
adaptation efforts. As climate change influences precipitation patterns and exacerbates
drought frequency and intensity, understanding drought trends becomes critical for
assessing changing climate conditions and developing adaptation strategies to enhance

resilience to future drought events.

In summary, insights from rainfall trend analysis and drought prediction contribute to
effective water resource management, disaster preparedness, and climate change
adaptation, ultimately ensuring sustainable water availability and minimizing the

impacts of drought on various sectors of society.

1.5 DROUGHT INDICES

Drought indices are quantitative measures used to assess the severity of a drought in a
specific area over defined periods. They provide a standardized way to evaluate and
compare drought severity, duration and spatial extent across regions based on various
factors like precipitation, temperature, streamflow, groundwater, reservoir levels, soil
moisture, and snowpack. Several widely employed drought indices are utilized in
drought prone areas to identify vulnerable regions and make informed decisions
regarding water allocation, irrigation and drought mitigation efforts. The Standardized
Precipitation Index (SP1) is one of the extensively utilized drought index in research for
the drought study (Mckee et al. 1993) quantifies the deviation of precipitation from
normal, providing valuable insights into meteorological drought conditions. Overall,
SPI is a valuable tool for assessing and monitoring the state of drought since it provides
a standardized measure of precipitation anomalies that aids in understanding and

managing the impacts of drought. The Effective Drought Index (EDI) developed by



(Byun and Wilhite 1999) is another a valuable index used to assess the severity and
impact of drought conditions, providing early warning systems to various sectors such
as agriculture, water management and disaster preparedness. By understanding drought
conditions through the EDI, informed decisions can be made regarding drought

response and mitigation strategies.

In summary, drought indices play a crucial role in assessing drought severity,
monitoring drought conditions, and providing early warning systems. The SPI and EDI
are two widely used drought indices that aid in understanding and managing drought
impacts, making informed decisions for water resources, and implementing effective

drought response and mitigation strategies.

1.6 ORGANISATION OF THE THESIS

The introduction to the thesis and background of the drought, causes of drought,
importance of rainfall and drought study, insights of drought trend and drought
prediction, drought indices and scope regarding the present research work are discussed
in Chapter 1.

In Chapter 2, an overview of the relevant literature is provided on trend studies of
rainfall, meteorological drought indices, and drought studies utilizing various machine-
learning approaches. The review of the literature is followed by a summary of the
chapter. Based on the knowledge gap identified, the research problem and objectives of

the present work are formulated.

The method adopted and the data required for the present study are described in Chapter
3. This chapter also presents the description of the study area along with the thirty-four

meteorological subdivisions for India.

Chapter 4 discusses the descriptive and statistical results of the present works that has
been carried out. Further, assessment of the machine learning models for
meteorological drought indices are presented in this chapter. The present research work

is summarised and the important conclusions obtained are presented in Chapter 5.



CHAPTER 2

LITERATURE REVIEW AND PROBLEM IDENTIFICATION

2.1 BACKGROUND

Drought is a catastrophic event with widespread impacts on agriculture, water
resources, ecosystems and socio-economic systems. It is caused by both natural
activities and human intervention, necessitating a comprehensive understanding of its
causes, manifestations and consequences. To develop effective drought management,
planning, and mitigation strategies, researchers globally have dedicated significant
efforts to investigate the intricacies of drought, including its origins, monitoring
techniques, prediction models, and the development of drought indices. This literature
review aims to provide a comprehensive overview of the trends of rainfall and drought

studies, highlighting key findings, methodologies and gaps in understanding.

The literature review encompasses a wide array of sources from various disciplines,
including climatology, hydrology and agriculture covering diverse aspects of drought
study. Key areas of focus include rainfall and drought trend analysis, drought indices,
development of drought prediction models, the impacts of drought on ecosystems and
water resources, adaptation strategies, and policy frameworks for drought management.
This study aims to provide a comprehensive understanding of the current state of
knowledge in the field of drought research. It seeks to identify gaps in our
understanding of drought dynamics and recommend potential avenues for further
exploration. Through a thorough analysis of existing literature, this review intends to
contribute valuable insights into rainfall and drought studies and support the
development of informed policies and practices for drought resilience and disaster

preparedness.

2.2 RAINFALL AND DROUGHT TREND STUDIES

A changing trend in the occurrence of drought has been observed across various
regions. Rainfall is one of the essential parameters for assessing drought conditions in
aregion. Various studies on rainfall and drought are being studied at diverse spatial and



temporal scales. For efficient water resources management, particularly in areas with
significant spatiotemporal variability in rainfall, a more detailed understanding of
rainfall trends, distribution and characteristics is of utmost importance (Mathew et al.
2021). Investigation of precipitation distribution and its trends using the Mann-Kendall
approach in regions with a humid to subtropical monsoon climate holds great
importance (Zamani et al. 2018). A study conducted for long-term rainfall reveals that
during the rainy season there is an increase in rainfall showing a positive significant

trend and during the non-rainy season there is a downward trend (Rustum et al. 2017).

As drought is one of the complex threats to measure, it is very challenging to evaluate
and understand the drought trend. Precipitation is unquestionably the variable that most
influences the prevalence and severity of droughts (Vicente-Serrano et al. 2022).
Meteorological drought indices such as EDI and SPI are widely used to assess drought
trends using precipitation data, aiding in planning and mitigation efforts in drought -

affected regions under changing climate scenario (Svoboda and Fuchs 2017).

Rainfall analysis, including the decadal analysis, is important because it identifies the
significantly monotonic monthly and seasonal trends that are extremely valuable for
improving the aspect of changing rainfall patterns and global warming impacts (Saini
et al. 2020). Investigating seasonal and yearly precipitation trends aids in preparedness
and response actions and promotes effective water resource utilization (Datta and Das
2019). Understanding rainfall trends and drought features will aid in developing water
resource management, agricultural productivity, climate change projections, and
rainfall pattern prediction (Deng et al. 2018; Malik and Kumar 2020; Marumbwa et al.
2019; Sanikhani et al. 2018).

The use of historical records of drought disasters to study drought’s spatial and temporal
properties could be a useful tool for detecting and characterizing drought progression
(Cheng et al. 2020). Investigation of rainfall variability using standardized indices
offers insights into distinct spatial patterns, enabling assessment at different timescales
(Guntu et al. 2020). Drought trend studies based on the precipitation data in drought

vulnerability regions may differ depending on their rainfall distribution (Kalisa et al.



2020). Drought trends are not only related to rainfall trends but also to the daily rainfall
concentration variations as well as the monthly rainfall heterogeneity and rainfall
seasonality (Deng et al. 2018). Drought hazard mapping and associated trend analysis
are important amidst rising drought impact due to climate change and posing challenges
in effective monitoring of drought-related trend analysis (Pandey et al. 2021). The
impact of long-term changes and fluctuations in rainfall plays a significant role in
agricultural growth and climate change alterations (Panda and Sahu 2019). An
immediate and long-term drought evolution is also affected by the changes in the
seasonality of rainfall. Drought impacts the population, agriculture, direct economic
losses and total crop failure (Shi et al. 2020). The duration, severity, and intensity of
the drought on a monthly, seasonal and yearly time frame have been all crucial because
they show how intense, persistent, and severe the occurrence of the drought was in
different places (Musonda et al. 2020).

Drought characteristics and temporal trends are essential for decision-making and
climate variability adaptation measures (Byakatonda et al. 2018). The severity of
drought is being measured due to global warming which has a higher impact on semi-
arid areas. Drought monitoring relies on climate variables and provides techniques for
reducing climatic variability. Historical rainfall trend data is useful in various fields,
including hydrology, ecosystems, agriculture, climate change mitigation, and drought
hotspot identification (Marumbwa et al. 2019). Understanding regional drought
frequency, severity, and duration may prove greatly beneficial in developing efficient
drought mitigation strategies in those areas having chaotic and inter-annual rainfall
variability (Amrit et al. 2018). Meteorological drought indices demonstrate gradual
responses to drought onset, advancement, and termination (Wambua et al. 2014).

Drought frequency varies throughout time and the findings on drought prediction assist
decision-makers in addressing water-related challenges (Achour et al. 2020).
Understanding the precipitation trends as well as the drought scenario reveals the
rainfall distribution and drought severity, contributing to future disaster mitigation

(Thomas and Prasannakumar 2016). The climate model scenario projects the increasing



and decreasing trend of rainfall and investigates the potential effects of climate change
on water resources and reflects on the future climate scenario (Chanapathi et al. 2018).
To better understand how rainfall changes relate to climatic diversity, maps that show
patterns of rainfall trends utilising geographical description, statistical analysis, and
interpretive data are designed to serve a purpose (Ghosh 2018). The spatiotemporal
rainfall change scenario study has enormous potential for developing thorough
adaptation and mitigation plans to deal with the climate change scenario in the drought-
stricken area, and other regions with a similar climate (Jana et al. 2017).

In recent years, increasing temperatures have resulted in an upsurge in the severity and
frequency of droughts during different seasons and climatic zones, where a continuous
temperature rise will result in severe drought events in the future owing to global
warming (Shiru et al. 2019). The spatial association between yearly rainfall variability
and meteorological droughts in agro-ecological zones with common orographic rainfall
in lowlands highlights the importance of studying rainfall variabilities and trends
(Tesfamariam et al. 2019). Precipitation trend studies in semi-arid developing country
such as Mauritania in Northwest Africa is crucial for assessing the precipitation deficit
and drought situations (Yacoub and Tayfur 2020). Global climate change is driving
extreme rainfall trends and understanding the phenomena necessitates a most extended
time series rainfall data which is crucial in addressing water-related issues (Malik et al.
2020). Understanding the detailed rainfall variability across the agro-climatic zones
could help to comprehend the trend of rainfall which could be important for developing

robust water resources management and water stress planning (Singh et al. 2020).

2.3 DROUGHT STUDIES USING VARIOUS DROUGHT INDICES

Drought studies often employ various drought indices for predicting and monitoring
drought conditions. Each index requires different input variables, such as rainfall,
streamflow,  temperature,  humidity,  evapotranspiration = and  potential
evapotranspiration. One of the widely used drought index is the Standardized
Precipitation Index (SPI) which can represent both short-term and long-term water

deficits, providing valuable information about meteorological and hydrological drought
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propagation (Li et al. 2020). SPI and Standardized Precipitation Evapotranspiration
Index (SPEI) are studied for current and future climate projects have significant
changes that will anticipate future drought events (Ahmadalipour et al. 2017). Another
index, Standardized Precipitation Evapotranspiration Runoff indicator (SPERI) is a
multi-scalar drought index that has been established to assess the state of drought in
various places, and also to determine the effects of climate change on drought (Wang
et al. 2019).

SPI and EDI combined with the Statistical Downscaling Method (SDSM) helps in
framing the drought event outlook by monitoring the evolution of drought events and
assessing their severity, duration and extent (Huang et al. 2016). SPI is also used to
assess the spatiotemporal patterns and severity of drought events (Tesfamariam et al.
2019), wherein the computation is carried out utilizing satellite-gauge rainfall grid data
that helps to better comprehend the spatial distribution and quantify environmental and
socioeconomic drought events. The Reconnaissance Drought Index (RDI) and SPI
analysis drought severity in semi-arid regions and also monitor and assess to distinguish
drought concerns (Haied et al. 2017). SPI and SPEI identify temporal variability of
droughts (Tirivarombo et al. 2018), where SPI identifies extreme category droughts and
SPEI identifies moderate droughts. SPEI and SPI assess spatiotemporal drought
variations in drought frequency, duration, intensity, and events, that are essential for
future drought mitigation measures (Haile et al. 2019).

Palmer Drought Severity Index (PDSI), RDI, SPEI and Standardized Palmer Drought
Index (SPDI) indicate sensitivity to precipitation as well as evapotranspiration, making
them relevant choices of drought indices for different applications (Vicente-Serrano et
al. 2015). Understanding and comparing the various drought indices, which include
Percent of Normal (PN), SPI, statistical Z-score, and EDI are crucial for monitoring
and providing valuable information for water resources management (Li et al. 2019).
Satellite-derived Vegetation Condition Index is essential for assessing drought and
improving agricultural production, while remote sensing data and various drought
indices enhance the identification and prediction of drought (Baniya et al. 2019). PDSI
and SPI of different time scales in evaluating and verifying the drought utility have
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considerable potential for drought monitoring (Karamouz et al. 2004; Zhong et al.
2019).

The standardized Streamflow index (SSI) is useful for depicting hydrological aspects
of droughts providing vital details for water resources management and assessment of
hydrological droughts in a changing environment (Zou et al. 2018). Drought assessment
based on SSI provides valuable references for drought monitoring and forecasting
systems (Liu et al. 2016). Characterizing the spatial and temporal pattern of
meteorological drought using SPI helps in understanding and taking necessary actions
for effective planning and management strategies related to drought (Mondol et al.
2017). It also helps in the development plans and water allocation schemes affected by
drought. A Hybrid Drought Index (HDI) developed by combining SPI, water surface
supply index and PDSI (Karamouz et al. 2009) presents a probable drought severity
and mitigating strategies. For agricultural drought assessment, the SPEI serves as a
suitable index (Ebrahimpour et al. 2015). Overall, these various drought indices
contribute to better understanding and management of drought events in different

regions and climatic conditions.

24 DROUGHT STUDIES USING MACHINE LEARNING

TECHNIQUES

Drought prediction is a critical aspect of drought modelling that involves analysing and
understanding the current meteorological and hydrological conditions of ongoing
droughts while also predicting future drought events. VVarious methods and tools have
been adopted for drought prediction, and machine learning algorithms have gained
popularity in this domain due to their effectiveness in different fields, including
engineering, agriculture, medicine, and marketing. Applying machine learning to
drought modelling and forecasting provides relevant information that can significantly
improve drought disaster management and mitigation strategies (Prodhan et al. 2022).
The gradual changes in drought indices facilitate the importance of understanding and
forecasting drought, emphasizing its negative impacts on the environment (Alawsi et
al. 2022).
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Researchers have employed a statistical model and a machine learning approach were
used to forecast SPEI, providing an applicable approach for predicting droughts and
benefiting the development of mitigation measures, as well as the management of water
supply systems and sustainable water schemes (Zhang et al. 2019; Alawsi et al. 2022).
Additionally, an algorithm known as extreme machine learning (ELM) efficiently used
in many applications (Huang et al. 2006), demonstrates a rapid learning rate as well as
good generalization efficacy when it comes to drought prediction and response
capability. In drought prediction studies, an ANN-based approach using time series of
nonlinear aggregated drought index (NADI) considering hydrometeorological variables
has been performed. Moreover, Linear stochastic models (ARIMA/SARIMA),
recursive multistep neural network (RMSNN) and direct multi-step neural network
(DMSNN) models applied using SPI series exhibit the capability to forecast drought
over times series making them useful for sustainable development and prevent
environmental degradation of the ecosystem (Mishra and Desai 2006). Furthermore, a
preliminary investigation employing a number of statistical, dynamic, and hybrid
models with SP1 assists in improving drought prediction and early drought warning as
the probabilities of drought onset depends on the site and models (Xu et al. 2018).
Another study, based on the time series of the Vegetation Temperature Condition index
(VTCI), highlights that ARIMA/SARIMA models provides a better drought forecasting
model when compared with the monitoring ones (Tian et al. 2016).

Machine learning algorithms such as wavelet pre-processing incorporated into models
have shown improved computation and forecasting of drought events (Belayneh and
Adamowski 2013; Deo et al. 2017). Additionally, other wavelet models like (WA-SVR,
WA-ANN) evaluated long-term SPI with other stochastic models like
(ARIMA/SARIMA) have demonstrated that different characteristics and climatology
have no distinct effect on forecast accuracy (Belayneh et al. 2014). Incorporating hybrid
meteorological and remotely sensed data with wavelet transform analysis is critical for
agricultural strategy, reservoir management and water resource distribution, offering a
viable option for effective drought assessment and categorizing (Barua et al. 2012; Tan
and Perkowski 2015; Sadiq et al. 2023).
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Multi-stage committee-based ELM model forecasting SPI ascertains the accuracy of
the data-intelligent model for forecasting future drought and mitigating strategies for
better crop management (Ali et al. 2018). The impact of the drought is eventually
decreased by a high-resolution meteorological drought forecasting model based on SPI
and SPEI for hydrologic regions (Rhee and Im 2017). To overcome the limits of drought
forecasting in an unmeasured area, machine learning algorithms have been used. ELM
and data-driven models (MLR, ANN, and LSSVR) predict SPEI in places that are prone
to drought, demonstrating their potential utility for drought mitigation measures and the
development of sustainable water supply networks (Mouatadid et al. 2018). Machine
learning algorithms, when combined with deep learning techniques and multi-source
spatial data, have strong applicability in monitoring meteorological and agricultural
droughts, providing valuable insights for drought forecasting and mitigation measures
(Shen et al. 2019).

In the realm of machine learning algorithms for drought prediction, the evolutionarily
neuro-fuzzy approaches like ANFIS combined with PSO, GA, ACO, and BOA, have
proven beneficial for drought prediction and planning in arid and semi-arid
environments (Kisi et al. 2019). Hybrid machine-learning models utilizing monthly
precipitation data to predict meteorological droughts have been proven to be more
effective and produce better predictions (Citakoglu and Coskun 2022; Mishra et al.
2007). Notably, drought study using hybrid machine learning algorithms has shown
better predictions in arid, semi-arid and Mediterranean climates surpassing the
performance of conventional machine learning algorithms (Aghelpour et al. 2020;
Nabipour et al. 2020).

Meteorological drought parameters such as precipitation, temperature and humidity are
more efficient in enhancing the forecast performance (Mokhtarzad et al. 2017).
However, long-term drought forecasting becomes challenging due to changes in trend
of teleconnections across various spatial and temporal scales. To improve vulnerability
reduction and enhance long-range prediction, further investigation is needed to identify
the factors connected to climatological, marine, meteorological and hydrological

parameters. Drought forecasting models have been developed to assist with agricultural
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planning and the effective management of irrigation systems in drought-prone areas,
providing certainty related to long-term drought situations (Achite et al. 2022; Ganguli
and Reddy 2014). In arid regions, various remotely sensed drought variables have been
effectively used to monitor agricultural drought, providing thorough spatial information
on drought extent and severity (Feng et al. 2019). Machine learning techniques applied
to meteorological drought prediction based on SPI have presented appropriate details
for various timeline SPI under drought situations in the semi-arid region, offering a less
time-consuming and less sophisticated approach (Elbeltagi et al. 2023). The predictive
accuracy of the machine learning model such as SVM may vary with different
timescales and this information is essential for understanding the model’s performance

under different hydrological conditions (Achite et al. 2022).

Drought prediction is a crucial component of early warning systems offering planners
time to prepare for threat responses and reduces the impact of drought risk (Khan et al.
2020). Traditional models assume that there is a linear relationship between the
variables which might make them inappropriate for addressing problems in real-world
applications in drought prediction (Agana and Homaifar 2018). As a result, algorithms
that can simulate the complexity of the dataset are needed for drought forecasting.
Machine learning algorithms, particularly artificial intelligence (Al) techniques, have
gained significant focus, outperforming traditional methods and providing valuable
insights for drought prediction and mitigation measures (Belayneh et al. 2016;
Docheshmeh Gorgij et al. 2022; Nabipour et al. 2020; Zhang et al. 2017). Al is being
used to forecast droughts using a variety of algorithms that take into account the
statistical parameters of the models, which are crucial for water management
applications (Rozos et al. 2022). Hybrid model which is developed by blending
different algorithms have demonstrated superiority over standalone and their utilization
is recommended to improve prediction accuracy (Adnan et al. 2021; Hajirahimi and
Khashei 2022). In recent times, hybrid machine learning models are becoming more
popular and offers promising opportunities for drought prediction providing more
accurate outcomes and enabling better decision-making for effective drought response

and mitigation strategies in various regions and climate conditions.

15



2.5 SUMMARY

The review offers a comprehensive overview of rainfall patterns, drought variability,
and the use of machine learning techniques in predicting meteorological drought
indices. Numerous literature studies on the rainfall trend provide information on the
rainfall pattern both in the Indian context and globally, revealing significant declines in
certain regions associated with drought conditions. Researchers have employed the
Mann-Kendall test to analyse and understand the changing rainfall trends that has
occurred in diverse climate conditions. The spatial and temporal characteristics of
rainfall and drought further complicate the distribution of rainfall and the drought
occurrence across different climate zones.

In addressing the prediction of meteorological drought indices, machine learning
approaches have proven to be highly effective. Machine learning algorithms serves as
valuable tools for drought prediction, facilitating the formulation of mitigation
strategies and sustainable water management practices. Furthermore, the advancement
in technology have led to the development of hybrid machine learning models
specifically designed for drought prediction. Based on the review of the literature, it
indicates that hybrid machine learning models have emerged as reliable and effective
tools for assessing drought events. By exploiting the effectiveness of machine learning
techniques, these models offer promising prospects for improved drought prediction,
ultimately contributing to better preparedness and response strategies for managing

drought impacts.

2.6 RESEARCH GAP

The geographical diversity of India, encompassing landscapes from the snow-clad
Himalayas to arid regions, plains, mountains, and plateaus, poses a challenge in
specifying its climate. This diverse topography gives rise to various water-related
challenges affecting agriculture, the economy, and the environment in different regions
of the country. To tackle these challenges effectively, a comprehensive understanding
of rainfall patterns and an investigation into meteorological drought indices become

imperative. Despite the significance of this research need, a thorough review of existing

16



literature reveals a noticeable dearth of studies utilizing machine learning algorithms to
predict meteorological drought indices in the specified study area.

This research gap emphasises the limited exploration of the potential of machine
learning algorithms in addressing meteorological drought prediction challenges in the
diverse climatic zones of India. To bridge this gap, the current study attempts to
meticulously examine rainfall trends and meteorological drought patterns.
Additionally, the research aims to assess the efficacy of machine learning algorithms in
predicting meteorological drought indices. By undertaking these investigations, the
study aspires to provide valuable insights into drought prediction and mitigation
strategies. These insights are crucial for fostering sustainable water management
practices and optimizing resource allocation in the region, thus contributing
significantly to addressing the pressing water-related challenges faced by different
areas in India.

In summary, the identified research gaps encompass a range of areas, including the
understanding of climatic parameters, measures to address drought consequences,
challenges in drought prediction, variability in machine learning model performance,
improvements in drought vulnerability mapping, dynamics of drought occurrences, and
exploration of alternative methods and indices for drought assessment. These gaps
highlight opportunities for future research and the advancement of knowledge in the
field of drought studies.

2.7 PROBLEM FORMULATION

Drought has emerged as a widespread global calamity, posing a significant threat to
development and becoming a recurring phenomenon in many regions. Addressing this
issue is of utmost importance, especially as it adversely impacts various sectors,
including agriculture, water availability, and overall development. To mitigate the
impact of droughts, early warning systems play a vital role, and accurate drought
prediction tools offer policymakers the opportunity to respond proactively. Given the
critical implications of drought prediction for agricultural production and water

security, it becomes imperative to develop effective methods that can provide sufficient
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lead time to implement strategies like water storage, identification of alternative
freshwater sources, and adoption of water-saving farming practices. Emphasizing the
need for practical measures, drought mitigation becomes an essential consideration.

In recent times, machine learning techniques have gained significant interest from
researchers in the field of drought assessment, holding promise for more accurate and
efficient predictions. By evaluating different drought indices, the study seeks to
precisely identify and understand the prevailing drought conditions in the study region.
Ultimately, the research aims to contribute to the development of reliable and helpful
drought prediction tools, aiding in effective drought mitigation strategies and

safeguarding food and water security in the area.

2.8 OBJECTIVES
Based on the literature gaps identified, the objectives of the study are:
1. (a) To examine the trend analysis of rainfall (Annual, Monthly and Seasonal) using
Mann-Kendall test
(b) To compute Meteorological drought indices: Effective Drought Index (EDI) and

Standardized Precipitation Index (SPI) and examine the trend analysis.

2. To assess the meteorological drought indices using the following machine learning
techniques.
(a) Generalized Regression Neural Network (GRNN)
(b) Genetic Algorithm-Adaptive Neuro-Fuzzy Inference System (GA-
ANFIS)
(c) Particle Swarm Optimization-Adaptive Neuro-Fuzzy Inference System
(PSO-ANFIS)

3 (a) To examine the best predicting model for the meteorological drought indices by a

comparative examination of machine learning algorithms

(b) To evaluate the effectiveness of the meteorological drought indices in detecting
the historical droughts.
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2.9 SCOPE OF THE STUDY

The primary focus is on employing the Mann-Kendall test to discern trends in both
rainfall and meteorological drought indices, particularly the Effective Drought Index
(EDI) and Standardized Precipitation Index with 9-month and 12-month timescales.
Machines learning algorithms, namely the Genetic Algorithm-Adaptive Neural Fuzzy
Inference System (GA-ANFIS), Particle Swarm Optimization-Adaptive Neural Fuzzy
Inference System (PSO-ANFIS), and Generalized Regression Neural Network
(GRNN), are utilized to predict meteorological drought indices. The study critically
evaluates these simulations, comparing their performance through metrics such as
coefficient of determination (R2), Nash-Sutcliffe Efficiency (NSE), and Normalized
root mean square error (NRMSE).

The Mann-Kendall test results reveal a consistent decrease in rainfall over the study
period, leading to water shortages and dry conditions. Understanding the interplay
between rainfall patterns and drought trends is identified as crucial for effective
planning and control of drought impacts. The study underscores the capability of hybrid
machine learning models (GA-ANFIS and PSO-ANFIS) in outperforming the non-
hybrid model (GRNN), particularly as the timescale for the drought index increases.
The findings emphasize the benefits of assessing rainfall and drought trends for
understanding drought behavior, identifying prone locations, and formulating
mitigation strategies. The study also highlights the significance of historical drought
assessment for a better understanding and management of past occurrences. Future
research suggestions include enhancing drought vulnerability mapping through
modeling and probabilistic climate data analysis, investigating the initiation and
termination dynamics of drought occurrences, and exploring additional hybrid machine
learning methods and drought indices for more reliable assessments. Overall, this
research contributes significantly to comprehending rainfall patterns, their distribution
for water management, and future water use planning, advocating for the adoption of

hybrid machine learning algorithms for improved meteorological drought prediction.
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CHAPTER 3

MATERIALS AND METHODS

3.1 DESCRIPTION OF THE STUDY AREA

India is situated between 8°04" and 37°06" North latitude and 68°07" and 97°25" East
longitude. With a total land area of 32,87,590 Sq.km, India is the world’s seventh-
largest country. It is surrounded by the Arabian Sea in the southwest and the Bay of
Bengal in the Southeast and has a total shoreline of 7,516 Kilometres. The country's
geographical features encompass the majestic Himalayas in the north, northeast, and
northwest, while the southernmost point is Kanyakumari, where the Indian Peninsula
narrows towards the Indian Ocean. Additionally, India includes the Andaman and
Nicobar Islands in the Bay of Bengal and Lakshadweep in the Arabian sea as parts of

its territory.

The climate in India exhibits a remarkable diversity, ranging from tropical in the south
to temperate in the north, with some regions experiencing polar climates.
Meteorologists classify the year into four main seasons: pre-monsoon, monsoon, post-
monsoon and winter. Due to the varying climatic zones, rainfall patterns also differ
across regions. Based on the Koppen climate system, India is classified into six major
climatic subtypes encompassing arid deserts, semi-arid, alpine tundra, glaciers, humid
tropical regions and subtropical zones. The tropical wet climates, which cover the
Malabar Coast, the Western Ghats, and southern Assam, typically receive above 2,000
mm of rainfall per annum (Chouhan 1992). The tropical wet and dry climate, prevalent
in inland Peninsular regions except for the semi-arid rain shadow east of the Western
Ghats, experiences an annual average rainfall ranging between 750 to 1,500 mm
(Faroog 2002). The Ganges Delta is largely situated in a tropical wet climate zone
witnessing annual rainfall ranging from 1,500 to 2,000 mm in the western part and
2,000 to 3,000 mm in the eastern part (Healy 2011). Moving towards the hot semi-arid
climate, which includes Karnataka, inland Tamil Nadu, western Andhra Pradesh, and

central Maharashtra, receive between 400 to750 mm annually (Caviedes 2001). The
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arid-climatic region receives about 300 mm of annual rainfall while the tropical and
sub-tropical steppe climate receives 300 to 650 mm of annual rainfall. In the North-
Eastern region, the climate predominantly humid subtropical with annual rainfall
ranging from 1,000 mm to 2,500 mm (Kimmel 2000). Notably, the village of
Mawsynram in the state of Meghalaya holds the record for the highest annual rainfall
about 11,872 mm. The monsoon precipitation is becoming extreme and regionally

varied and droughts are becoming more regional in the study area (Mallya et al. 2015).

In the recent years, India has faced extensive drought conditions since 2015 and around
600 million people are experiencing the country’s worst-ever water crisis as reported
by the government. With India being the largest user of groundwater globally, there are
concerns that many cities may face water shortages by 2030, impacting approximately
40% of the country's population in terms of access to drinking water. As climate change
worsens, water scarcity is becoming a significant economic challenge for the nation.

Figure 3.1 represents the study area with Thirty-four meteorological subdivisions.

Table 3.1 Meteorological subdivisions of India used in the study (IMD)

Homogenogs Central North-East North-West Peninsular West Central
Monsoon Regions Northeast
Bihar (BI) Arunachal East Rajasthan  Coastal Andhra Chhattisgarh
Pradesh (AR) (ER) Pradesh (CAP) (CH)
East Uttar Assam- Gujarat (GJ) Coastal East Madhya
Pradesh (EUP)  Meghalaya (AM) | Karnataka (CK)  Pradesh (EMP)
. Haryana
Jharkhand Gangetic West ; Konkan-Goa
Chandigarh Kerala (KL
(JH) Bengal GWB) ST (chm (KL) (KG)
Nagaland . Madhya
Orissa (OR)  Manipur Mizoram Prgtlj?sic?lilP) Ray?gzgema Maharashtra
Tripura (NMMT) (MM)
Meteorological sub- Uttarakhand Swg;'g::]aﬁ?n Jammu Kashmir  South Interior Marathwada
divisions (UK) Sikkim (SH\?VBS) (IK) Karnataka (SIK) (MA)
West Uttar Tamil Nadu- North Interior
Pradesh Punjab (PN) Pondicherry Karnataka
(WUP) (TN-P) (NIK)
Saurashtra
Kutch Diu Telangana (TE)
(SKD)
WeSt(\Ff\j‘g{";Stha” Vidarbha (V1)
West Madhya

Pradesh (WMP)
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Figure 3.1 Index map of India with thirty-four meteorological subdivisions
3.2 DATA

According to India Meteorological Department (IMD), India has been classified into
five Homogenous Regions namely Central Northeast, North-East, North-west,
Peninsular and West central India based on monsoon distribution. A total of thirty-six
meteorological sub-division have been categorized according to IMD. Monthly rainfall
data for 60 years period (1958-2017) is obtained from IMD. In this study, thirty-four
meteorological sub-divisions in the Indian region are considered in the computation of
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drought indices, EDI and SPI values for different times scales. Due to the non-
availability of proper rainfall data for two islands, Andaman & Nicobar and

Lakshadweep has been excluded from the study.

3.3 MANN-KENDALL TEST

In the present study, Mann-Kendall test is employed to analyse collected data overtime
to identify consistently increasing or decreasing trends. The Mann-Kendall test was
proposed by Mann (1945), Kendall (1975) and Gilbert (1987) which is widely used for
detecting the trend in hydro-climatic data series. The Mann-Kendall test is evaluated

as:

S = ;'l:i+1 ?:_11 sign (x; — x;) (3.1)

where n is the number of data points, xi and xj are the data points in the time series i
and j™ (j > i).
The variance is evaluated as:

n(n—-1)(2n+5)-Y %, t;(i-1)(2i+5)

var(S) = T (3.2)
ti represents the number of data values in i and m™ groups.
The standard test statistic Z is computed as follows:
s-1
Jvar(S) ;ifS >0
Z = 0 ,ifS=0 (3.3)
\ St ,ifS<0
Jvar(S)

The positive value of Z signifies an increasing trend and the negative value of
Z signifies a decreasing trend. The Z-value is used to determine if a statistically
significant trend exists. The significance level is used to test if a monotonic upward or
downward trend exists. For this study, a significance threshold of a=0.05 is adopted,
indicating a 95% confidence level, to assess the rainfall and drought trend in the study
area. If the p -value is lower than the significance level, it provides statistically

significant evidence of a trend in the time series data.
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3.4 DROUGHT INDICES
3.4.1 Standardized Precipitation Index (SPI)

SPI is a statistical tool used to quantify and represent the precipitation deficit or surplus
for a specific timescale at a given location. It is designed to assess and monitor
meteorological droughts or wet periods. SPI is one of the most widely used drought
indices developed by (McKee et al., 1993). It primarily based on the precipitation data
for computation. To calculate the SPI a probability distribution is fitted to the aggregated
monthly precipitation series. The SPI is calculated to build a frequency distribution from
the historical precipitation data for a specific period at a given location. The choice of
the gamma distribution for fitting the empirical distribution of precipitation frequency
for specific time scales, such SPI-9 and SPI-12 depends on factors. The gamma
distribution is versatile and can accommodate a wide range of shapes, making it flexible
for modeling precipitation data. The decision to use the gamma distribution is often
supported by statistical fit assessments and goodness-of-fit. If the fitted gamma
distribution provides a good match to the empirical data, it suggests that the chosen
distribution is a suitable representation of the observed precipitation frequency. It is
important to note that the selection of a distribution for modeling precipitation frequency
is often based on the characteristics of the data and the objectives of the study. It is
important to note that while the gamma distribution is commonly used, other
distributions may also be considered based on the characteristics of the precipitation
data and the specific requirements of the analysis. The appropriateness of the chosen
distribution should be assessed through goodness-of-fit tests and a thorough
understanding of the underlying physical processes influencing precipitation at the
chosen time scale. Then, a theoretical probability density function of the gamma
distribution is fitted to the empirical distribution of precipitation frequency for the
selected time scale. The probability density function of gamma distribution is given as
follows,

(3.4)
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Where, a > 0 is the shape factor, > 0 is the scale parameter and x > 0 is the amount of
precipitation. I (a) is the value taken by the standard mathematical function known as

the Gamma function, which is defined by the integral,
M(a)= [y e™dy (35)

For estimating the parameters of a and B, different methods have been suggested,

a=i<1+ /1+ﬁ> (3.6)
4A 3

p=

where for “n” observations, A = In(x) —

2 In(x)
n

After finding o and P, the cumulative probability G(x) corresponding to observed
precipitation is given by,
G(x) = foxg (X)dx = —— [Fxa-1 e_(%)dx (3.7)
Br(a) -0
Since the gamma function is undefined for x=0 and a precipitation distribution may

contain zeros, therefore cumulative probability,
P(x)=q+ (1 -q)G(x) (3.8)

Where, g is the probability of monthly rainfall equal to zero, P(x) is the
cumulative probability of precipitation observed.
Edwards and Mckee (1997) transform this P(x) to the standard normal random

variable Z having mean zero and variance as one to get the value of SPI as,

7 =SPI = —[t— CotertHcpt ] (3.9)
t+d t+d,t2+dst3
1
wheret = |[Iln (H(x)z) when 0 < H(x) < 0.5
_ _ _ Co +C1t +C2 t
2 =SPL =+ [t t+d1t+d2t2+d3t3] (3.10)

wheret = \/ln (m) when 0.5 < H(x) < 1.0
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The negative and positive SPI values are computed by equation (3.9) and (3.10)
respectively. On computing the SPI values as mentioned above, the drought is classified

as shows in the Table 3.2.

Table 3.2 Categorization of SPI1 and EDI values for drought severity

Drought Category SPI range EDI range
Extreme dry <-2.0 <-2.0
Severe dry —-15t0—-1.99 —1.5t0—-1.99
Moderate dry —1.0to —1.49 —1.0to —1.49
Normal —0.99t0 0.99 —0.991t0 0.99
Moderate wet 1.0t0 1.49 1.0to 1.49
Severe wet 1.5t01.99 1.5t01.99
Extreme wet >2 > 2

3.4.2 Effective Drought Index (EDI)

EDI is a meteorological drought index that quantifies the severity of drought conditions
based on precipitation deficits over a specified time scale. It is designed to assess the
impact of precipitation anomalies on water availability and, by extension, on
agriculture, water resources, and ecosystems. The EDI is particularly useful in
evaluating the cumulative effects of precipitation deficits over longer durations.

EDI drought index has been developed by (Byun and Wilhite 1999). It utilizes
precipitation data as input to assess drought conditions. For calculating the Effective
Drought Index various parameters like Effective Precipitation (EP), Mean Effective
Precipitation (MEP), Deviation of Effective Precipitation (DEP) and the standardized
value of DEP is required to be evaluated using the precipitation data. The calculation

of EDI is performed using the following equations,

I Calculate the monthly Effective Precipitation (EP),

Py+P, . Py+P,+P; Py+Py+-+Py,

EP, = P, += =+ """+ + - (3.11)
where i denotes the ith month of precipitation P.
ii. Calculation of the DEP, the difference between the EP and MEP,
DEP = EP — MEP (3.12)
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iii. Calculate precipitation needed for return to normal DEP;, which is
DEP;
71

n=1n

expressed as, DEP; = (3.13)

where j is the total duration (i.e., the number of days over which
precipitation deficit is accumulated). The summation term is the sum of all
the months' reciprocals in the durationn (1, 2, 3, 4, ..., J).

iv.  Calculate EDI as,

DEP;

EDI = SD(DEP;)

(3.14)

Where, SD(DEP;) is the standard deviation of DEP for the jth month
throughout the record, MEP is the mean effective precipitation.
The limits of EDI ranges from less than —2 to more than +2 where negative values
represent dryness and positive values represents wetness which is presented in Table
3.2.

3.5 MACHINE LEARNING ALGORITHMS

Machine learning is a branch of artificial intelligence (Al) that focuses on the
development of algorithms and models that allow computers to learn from data and
make predictions or decisions based on it. A machine learning system, rather than being
explicitly programmed to do a task, employs statistical patterns and inference to
improve its performance overtime. Machine learning algorithms are used in a wide
range of sectors, including natural language processing, computer vision, speech
recognition, medical diagnosis, finance, and more. The qualities of the data, the nature
of the work, and the unique requirements of the problem at hand all influence the choice

of an appropriate algorithm.

Using machine learning techniques for the determination of drought indices offers a
several advantage over conventional techniques. Drought assessment often involves
complex variables and hence using conventional methods may struggle to capture the
intricate relationships while machine learning excels in solving the complex
relationships. Machine learning algorithms can automatically identify and select

relevant features from a large set of variables. This feature selection process helps in
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focusing on the most influential factors contributing to drought conditions, improving

the efficiency and interpretability of the model.

Drought conditions are influenced by a multitude of variables, and machine learning
allows for a data-driven approach to identify relevant features and optimize model
performance. This adaptability is particularly valuable in the context of drought, where
multiple factors contribute to the overall assessment. Machine learning models, when
properly trained and validated, can offer superior predictive accuracy compared to
conventional methods. In drought studies, where precise predictions are crucial for
effective water resource management and risk mitigation, this heightened accuracy is a
significant advantage. Machine learning methods are well-suited for integrating diverse
data sources, such as satellite imagery, meteorological data, and ground-based
observations. This integrated approach allows for a more holistic assessment of drought

conditions.

Machine learning models can automatically adapt to changing conditions without
manual recalibration. This is especially valuable in drought studies where conditions
may evolve, and the ability to automatically learn and adapt ensures the model's ongoing
relevance. Machine learning models have demonstrated superior predictive capabilities
in various environmental studies (Karbasi et al. 2023; Khan et al. 2020). By leveraging
these techniques, we aim to enhance the accuracy and reliability of drought predictions,
contributing to a more robust and effective assessment. Conventional methods may still
be appropriate in certain situations, and the choice between machine learning and
conventional techniques should be driven by a thoughtful consideration of the study's

goals and characteristics.

3.5.1 Adaptive Neuro-Fuzzy Inference System (ANFIS)

The Adaptive Neuro-Fuzzy Inference System (ANFIS) is an approach introduced by
Jang (Jang 1993), which combines human knowledge and reasoning processes through
fuzzy logic and interconnected neural networks (Mehrabi et al. 2012). The schematic

structure of ANFIS is shown in Figure 3.2 having a five-layer architecture where each
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layer serves a specific purpose. In layer 1, each node represents the membership of
input variable, while layer 2 is the rule-based layer which uses multiplication operator.
In layer 3, it computes and normalizes the previous layer, layer 4 moves towards the
output model and the layer 5 gives the final output model. The combination of fuzzy
logic and neural networks in ANFIS makes it a robust artificial intelligence algorithm
capable of performing inference and modelling tasks effectively. The selection of
membership functions significantly influences ANFIS performance, often determined
through trial and error. ANFIS is widely used in various applications such as pattern
recognition, system modelling, prediction, and control, providing the interpretability of
fuzzy logic and the learning capabilities of neural networks. To optimize the parameters
of ANFIS, Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) were
employed. These optimization techniques fine-tune the ANFIS structure and enhance

its performance in various applications.

layer 1 layer 4

L layer 2 iayer 3 'l'

Figure 3.2 Representation of ANFIS (Zounemat-Kermani and Teshnehlab, 2008)

3.5.2 Generalized Regression Neural Networks (GRNN)

GRNN was proposed by Donald F. Specht in 1991 and it is categorized as a
probabilistic neural network (Specht 1991). It represents an improved technique based
on non-parametric regression within the realm of neural networks. GRNN serves

versatile purposes, including regression, prediction, and classification tasks. One of its
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significant advantages is that it requires only a fraction of the training samples needed
by backpropagation neural networks. In scenarios where data availability is limited for
an operating system or measurements, the probabilistic neural network of GRNN
becomes highly beneficial. It efficiently converges the underlying function of the data
with a small number of training samples, making it an ideal choice when data is scarce.
Additionally, GRNN exhibits ease of use, as it demands relatively little prior knowledge
from the user for fitting, and no additional input is required during the process.

The Gaussian function employed by GRNN for estimation contributes to its ability to
provide highly accurate results. As a result, GRNN finds application in various fields,
such as the modeling of dynamic plants (Seng et al. 2002), predicting aerodynamic
forces (Song and Ren 2005; Yao et al. 2012), forecasting solar photovoltaic power
(Alhakeem et al. 2015), and modeling non-linear systems (Yibin and Ying 2005). For
additional information regarding GRNN, its applications and model building networks,
one may refer to DF Specht (1991).

Input layer Hidden layer Summation Division
layer Layer
X —» 1]

- \-\.\\-‘ n
X3 > 1) » Z -—h :D Output
: G /

Figure 3.3 General structure of GRNN

3.5.3 Genetic Algorithm (GA)

The Genetic Algorithm (GA) is a computational process employing stochastic search
principles grounded in the evolutionary theories of natural selection and genetics. This
approach yields advantageous or nearly optimal solutions for combinatorial
optimization problems. Examples of such problems include the traveling salesman

problem, scheduling problems, heuristic search, and process planning problems
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(Goldberg 1989). The basic concept of Genetic Algorithm is to implement genetic
operators like crossover, mutation, selection for up-gradation and search for the best
population by imitating the natural evolution process artificially. GA is a well-known
metaheuristic algorithm that draws inspiration from the biological evolution process
(Michalewicz 1996).

The advantages of GA include (1) fast convergence to near-global optimum, (2)
superior global searching capability in the space which has a complex searching surface
and (3) applicability to the searching space where one cannot use gradient information
of the space. Hence, the present study aims to search for the meta-parameters of ANFIS
using a genetic algorithm. The use of GA as an optimising technigue is advantageous
over other optimising techniques. It also supports multi-objective optimisation, proves
to be useful for noisy data, gets better with time, is inherently parallel and quickly

distributed. GA also has an easy and flexible solution for hybrid applications.

3.5.4 Particle Swarm Optimizer (PSO)

Particle Swarm Optimiser (PSO) technique was developed by Kennedy and Eberhart
(1995). PSO, a population-based stochastic optimisation method, is a very
straightforward algorithm that seems to work well for optimising a variety of functions.
PSO shares some similarities with the Genetic Algorithm technique. PSO is an
evolutionary algorithm and follows a societal animal's activities that do not have a
particular group leader. Like many evolutionary computation frameworks, it utilised
the idea of fitness. A computational method optimises some problem constraints to
enhance any feasible sets regarding quality measurements using iterations. The PSO
consists of a swarm of particles represented by a potential solution (Omran et al. 2005)
and is influenced by the velocity. By comparing with the other computational
technique, there are only a few parameters to adjust in PSO. Hence, it is easy to
implement. PSO has been widely used in function optimisation, artificial neural

network training, fuzzy system control and GA areas.
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3.6 HYBRID MACHINE LEARNING MODELS
3.6.1 Genetic Algorithm-Adaptive Neuro Fuzzy Inference System (GA-ANFIS)

The methodology employed in this study involves the integration of a Genetic
Algorithm (GA) with an Adaptive Neuro-Fuzzy Inference System (ANFIS), creating a
hybrid approach known as GA-ANFIS. This hybridization is designed to harness the
strengths of both techniques for efficient problem-solving. ANFIS uses a structure of
fuzzy inference systems with parameters adapted through a learning process. For
integration, GA is applied to optimize the parameters of the ANFIS model. GA
determines the optimal set of parameters for the fuzzy inference system enhancing the
overall performance. The formulation of the model firstly the rule base is carried out
which is typically organised in a fuzzy rule base that map input variables to output
variables. Secondly, the fuzzy sets and membership functions define the linguistic terms
and their degrees of membership. And thirdly, GA optimizes the parameters of the
ANFIS model adjusting the fuzzy rule base and membership functions. The model is
implemented through a stepwise approach. The GA iteratively refines the fuzzy rules
and membership functions to optimize the model. Then the hybrid model underdoes
training and testing using a dataset where the GA adjusts parameters based on the
fitness od individuals in the population. The model can be implemented using
programming language either Python or MATLAB. For Table 3.4 describes the

parameter settings of GA-ANFIS considered for the requirement of the model.

Table 3.3 Parameters settings of GA-ANFIS

Parameters GA-ANFIS
Maximum iteration 1000
Population size 25
Cross over percentage 04
Mutation percentage 0.7
Mutation rate 0.15
Selection pressure, 3 8
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3.6.2 Particle Swarm Optimization-Adaptive Neuro Fuzzy Inference System
(PSO-ANFIS)

PSO-ANFIS combines Particle Swarm Optimization (PSO) with the Adaptive Neuro-
Fuzzy Inference System. PSO is a population-based optimization algorithm inspired by
the social behaviour of bird flocking or fish schooling. In PSO-ANFIS, the particles in
the swarm represent potential ANFIS configurations, and their positions are updated
based on their own best-known positions and the global best position in the swarm.
Similar to GA-ANFIS, ANFIS is the underlying fuzzy logic system with adaptive
learning capabilities. This process allows the particles to search for an optimal ANFIS
model configuration that minimizes the objective function. Table 3.4 shows the input

parameters adopted for the model.

Table 3.4 Parameters settings of PSO-ANFIS
Parameters PSO-ANFIS

Maximum iteration 1000
Population size 25
Damping ratio 0.99
Inertia weight 1

Both GA-ANFIS and PSO-ANFIS can be implemented using languages like Python or
MATLAB. In this study, the models are implemented through a systematic approach
and their performance is evaluated using evaluation metrics. The hybrid models like
GA-ANFIS and PSO-ANFIS offer advantages in terms of adaptability and optimization
while GRNN may excel in scenarios where memory-based learning and robustness to
noise are critical. In summary, both GA-ANFIS and PSO-ANFIS hybrid models offers
advantages in terms of overcoming overfitting, effective optimization for predicting
and improved predictive accuracy (Li et al. 2022; Mokhtar et al. 2021; Adnan et al.
2020; Ahmed et al. 2017).

3.7 DEVELOPMENT OF MACHINE LEARNING MODELS
In the present study, GA-ANFIS, PSO-ANFIS and GRNN models are adopted for

meteorological drought indices prediction. The input variable used is the monthly
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precipitation data from 1958-2017. The development process involves problem
formulation, data collection and pre-processing, feature selection, model selection,
dataset training, evaluation, hyperparameter tuning and deployment. The development
of machine learning algorithms is an iterative and dynamic process, constantly learning,
adapting and refining to achieve accurate and reliable predictions in real world
applications. For training purposes, 80% of the dataset is utilized, while the remaining
20% is reserved for testing, ensuring a robust evaluation of the machine learning
algorithms. The developed models are trained using the optimal values obtained from
the process. Once the models are optimized, the performance of the various models for
meteorological drought indices, EDI, SPI-9 and SPI-12 simulations are evaluated using
evaluation metrics such as R?2, RRMSE, and NSE. By comparing the results obtained
from the evaluation metrics, aim of the study to determine the best predicting model
using machine learning algorithms. This comparison enables us to select the most
suitable model that provides accurate and reliable predictions for meteorological

drought indices.

3.8 PERFORMANCE EVALUATION METRICS

Performance evaluation metrics play a crucial role in assessing the effectiveness and
accuracy of machine learning models. They provide valuable insights into how well the
models perform in making predictions and allow for comparisons among different
models, algorithms, or approaches. The selection of appropriate evaluation metrics
depends on the specific task, problem domain and the significance of various types of
errors. In this study, the selection of appropriate evaluation metrics depends on the
accuracy and precision of the models, model interpretability and their performance,
temporal consistency and robustness to variability. However, researchers typically aim
to select metrics that align with the goals of the study and provide a comprehensive
assessment of model performance. Table 3.5 shows the list of the statistical metrics

adopted in the study.
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Table 3.5 List of statistical metrics with their description

Statistical criteria Values/Ranges Inference
Otol 0 = The model does
not predict the

Coefficient of determination (R?) outcome
Between 0 and 1: The
models partially
predict the outcome
1 = The model
perfectly predicts the

outcome
Nash-Sutcliffe Efficiency, 0.75<NSE<1.0 Very good
N p._0)’ 0.65 <NSE <0.75 Good
NSE=1 — ZZ—FU;‘,' o -
i=1(0-0) 0.50 <NSE <0.65 Satisfactory
0.4 <NSE <0.50 Acceptable
NSE <0.40 Unsatisfactory
Relative Root Mean Square 0 <RRMSE <0.10 Very good
Error 0.10 < RRMSE<0.30 Good
ST (0,-P)? 0.30<RRMSE=<0.50 Satisfactory
i=1\"1 L
RRMSE = | —F— RRMSE > 0.70 Poor

Oobs

where O; is the observed value, P;is the predicted value, N is the total number of
observations, O is the mean of the observed value and oobs is the standard deviation of

the observed value.

By utilizing these evaluation metrics, we aim to gain a comprehensive understanding
of the capabilities of each machine learning algorithm and identify the best-performing
model for predicting meteorological drought indices. The evaluation process enables us

to make informed decisions and ensures the reliability and accuracy of our predictions.
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Figure 3.4 illustrates the schematic representation of the methodology adopted for the
study. The workflow overview for the methodology adopted in the study can be

summarized as follows:

Objective 1: Trend Analysis of Rainfall and Drought Indices

Data Collection: Accumulation of monthly rainfall data for the specified study period.
Mann-Kendall Test: Application of the Mann-Kendall test for trend analysis of both
rainfall and drought indices. Identification of trends in precipitation and drought indices
over time.

Meteorological Drought Indices: Computation of meteorological drought indices
using the collected monthly rainfall data.

Objective 2 and Objective 3: Machine Learning Models for Meteorological
Drought Indices Predictions

Machine Learning Model Development: Implementation of machine learning models
for predicting meteorological drought indices. The models employed are GA-ANFIS,
PSO-ANFIS and GRNN.

Performance Evaluation Metrics:

Application of performance evaluation metrics to assess the effectiveness of the
developed machine learning models. Metrics including, Coefficient of determination
(R?), Nash-Sutcliffe Efficiency (NSE) and Normalized root mean square error
(NRMSE).

Identification of Best Models:

Selection of the best-performing machine learning models based on the outcomes of
the evaluation metrics. Recognition of models demonstrating superior performance in

predicting meteorological drought indices.
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Figure 3.4 Flowchart of the methodology
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CHAPTER 4
RESULTS AND DISCUSSION

41 TREND ANALYSIS OF ANNUAL RAINFALL, MONTHLY
RAINFALL AND SEASONAL RAINFALL

This section represents the descriptive results of the trend analysis of rainfall and
meteorological drought indices, which is crucial for understanding the impact of
climate change on ecosystems and its implications for human activities. To achieve this,
the study utilizes data from thirty-four meteorological subdivisions of India, spanning
60 years of monthly rainfall data from 1958 to 2017. The primary aim of the trend
analysis is to identify patterns, variations, and potential changes in precipitation levels
over time. The analysis involves assessing statistical parameters using the Mann-
Kendall test to evaluate trends in annual, monthly and seasonal rainfall, including pre-
monsoon, monsoon, post-monsoon, and winter rainfall. Similarly, meteorological
drought indices, such as EDI, SPI-9, and SPI-12, are also subjected to trend analysis.
Additionally, the average distribution of rainfall is computed for annual, monthly and
seasonal periods, enabling a visual understanding of rainfall patterns throughout the

study region.

India is a vast country with diverse climatic zones resulting in a wide range of rainfall
patterns across different regions, influenced by various factors such as the monsoon
season, topography and proximity to water bodies. The southwest monsoon is the
primary rainy season in most parts of India contributing to a significant portion of the
country’s annual rainfall. It originates from the Arabian sea and Bay of Bengal and
brings moisture-laden winds that lead to widespread rainfall. The southwest monsoon
affects the western ghats including the western coastal regions including Kerala,

Karnataka and Maharashtra.

The spatial distribution maps depicting the annual average, average monthly, average
pre-monsoon, average monsoon, average post-monsoon and average winter rainfall are

illustrated in Figure 4.1 (a-f). The illustrations reveal that rainfall patterns can vary
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significantly across different regions within a country and helps in identifying the
regions with high rainfall and low rainfall enabling a better understanding of regional
variations and local climate characteristics. Overall, the spatial distribution maps of
rainfall provide a valuable insight into the variability of precipitation across different
regions, helping with various aspects of planning, resource management, disaster

preparedness and environmental conservation initiatives.

70°070"E 80°00"E 90°0°0" E 70"0:0"]3 80"0:0"]5 9[]°0I'0"E 70"0"0"]3 80“0;0"E 9U°0I‘0"E

(a) Annual Average Rainfall (b) Average Monthly Rainfall (c) Average Pre-monsoon Rainfall N
(1958-2017)

(1958-2017)

(1958-2017)

30°0'0"N

20°0'0"N

Rainfall (mm)
High : 291.9

s Rainfall (mm)
High : 3503.9

0 265 530 1,060 1,590 0 265530 1,060 1,590 0 265530 1,060 1,590
N WK SSSLgw 3014 [ mm e LG -Low : 25.1 -:-:‘_‘Km S Low : 5.5
T T

Rainfall (mm)
High : 669,

10°0'0"'N

(f) Average Winlter Rainfall
(1958-2017)

1 1
(d) Average Monsoon Rainfall (e) Average Post-monsoon Rainfall

(?"\,7 (1958-2017) (1958-2017)

30°0'0"N

20°0'0"N
L

Rainfall (mm) Rainfall (mm)
High : 2880.1 igh : 435.2

0 265530 1,060 1,590 0 265530 1,060 1,590 0 265530 1,060 1,590
- e—Km S Gy 264.2 - ——Km Low 7.5 [ — TG PN
T T T

Rainfall (mm) |
High : 262.1

10°0'0"N
L

Figure 4.1 (a-f). Spatial distribution map for Annual average, average Monthly
and average Seasonal Rainfall (1958-2017)

41.1 Annual Rainfall

The average annual rainfall for different meteorological subdivisions has been
calculated, revealing Coastal Karnataka as the region with the highest average annual
rainfall at 3500 mm as depicted in Figure 4.1 (a). The coastal region of Karnataka
experiences high rainfall during the monsoon season since it is situated on the windward

side of the Western Ghats. Moreover, it also receives more moisture from the sea
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compared with other regions of India. Other meteorological subdivisions like Konkan-
Goa, Kerala, Arunachal Pradesh, Sub-Himalayan West Bengal Sikkim and Assam-
Meghalaya experience an average annual rainfall of more than 2500 mm during the
study period. Due to the mountainous landscape, the North-East region experiences
high amount of rainfall in some locations. In contrast, the meteorological subdivision
of west Rajasthan receives the lowest average annual rainfall of around 300 mm.
Rainfall in Rajasthan is mainly brought by the Bay of Bengal which is geographically
far from the region so it results in less rainfall. Due to its location in the shadow effect
and arid climate with high temperature and little humidity, west Rajasthan receives less

rainfall throughout the year.

The meteorological subdivisions such as Saurashtra-Kutch-Diu, Haryana-Chandigarh-
Delhi, and Punjab receive less than 600 mm of annual rainfall on average as the
Himalayan Mountains act as a barrier restricting moisture from the Arabian Sea and the
Bay of Bengal to enter these regions. Furthermore, these regions have arid or semi-arid
climatic conditions with high temperatures and low humidity, resulting in
less precipitation. The remaining meteorological subdivisions experience an average
annual rainfall of 600 to 2500 mm depending on their geography, orographic rainfall,
monsoon winds and topography of the region. Overall, the maximum annual average

rainfall has been observed in North-East India and some parts of Peninsular India.

The annual rainfall trend analysis is presented in Figure 4.2 (a). The observed
decreasing or increasing trends in different regions can be attributed to various factors,
including topography, temperature, and other climate-related aspects. Gangetic West
Bengal, west Rajasthan, Saurashtra-Kutch-Diu, Rayalaseema, and Tamil Nadu-
Pondicherry subdivisions display an increasing trend, though not statistically
significant (p -value > 0.05). On the other hand, the remaining meteorological
subdivisions show a non-statistically significant decreasing annual trend. Statistically
significant decreasing annual trends, at a 95% confidence level, have been observed in
meteorological subdivisions such as Assam-Meghalaya, Nagaland-Manipur-Mizoram-

Tripura, Sub-Himalayan West Bengal Sikkim, East and West Uttar Pradesh, Himachal

41



Pradesh, Punjab, Haryana-Chandigarh-Delhi, and West Madhya Pradesh. These trends
suggest possible changes in rainfall patterns, raising concerns about climate change's
potential impact on India's rainfall distribution. Some studies have highlighted the
likelihood of increased severe rainfall events in the future, but the exact nature and
significance of these changes remain uncertain (Mukherjee et al. 2018; Shahi et al.
2023; Yaduvanshi et al. 2019).
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Figure 4.2 (a & b) Meteorological subdivision wise for Annual and Monthly
Rainfall trend for the period (1958-2017)

4.1.2 Monthly rainfall

For the average monthly rainfall, represented in Figure 4.1 (b), regions like Coastal
Karnataka, Konkan-Goa, Arunachal Pradesh, Kerala, and Assam-Meghalaya
experience an average monthly rainfall of 292.09 mm, 255.18 mm, 239.23 mm, 235.29
mm and 220.67 mm of rainfall respectively. While regions like west Rajasthan,
Saurashtra-Kutch-Diu, Haryana-Chandigarh-Delhi and Punjab experienced 25.08 mm,
43.93 mm, 44.52 mm and 49.18 mm of rainfall respectively because of its arid and
semi-arid conditions. The remaining regions generally receive between 50 to 200 mm

of average monthly rainfall. This information is crucial for understanding the
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distribution of rainfall across the country and its impact on various regions' ecosystems,

agriculture, and water resources.

As depicted in Figure 4.2 (b), the trend analysis for monthly rainfall indicates that
certain regions such as Gangetic West Bengal, Sub-Himalayan West Bengal Sikkim,
Jammu-Kashmir, west Rajasthan, Coastal Andhra Pradesh, Telangana, Rayalaseema,
Coastal Karnataka, Konkan Goa, South Interior Karnataka and North Interior
Karnataka have shown an increasing trend in rainfall which is not statistically
significant. However, the lack of statistical significance in these trends suggests that
they might be driven by natural variability rather than long-term climate changes. On
the contrary, the remaining meteorological subdivisions exhibit a decreasing trend in
monthly rainfall, which is also not statistically significant. These findings emphasize
the complexity of rainfall patterns and the influence of multiple factors on regional

climate variations.

The rainfall pattern in the study region exhibits significant spatial and temporal
variations. Table 4.1 shows the p -values and Table 4.2 shows Kendall’s tau evaluated
from the Mann-Kendall test for Annual, Monthly and Seasonal Rainfall. The p -value
is crucial in determining the statistical significance of the results obtained from the test.
If the p -value is less than the predetermined significance level, it suggests that the
observed trend is statistically significant. On the other hand, if the p -value is greater
than the significance level, it indicates that the observed trend is not statistically
significant. The p -value is crucial in interpreting the results of the Mann-Kendall test
and determining the presence or absence of a trend in the dataset. Kendall’s tau
quantifies the strength and direction of the trends in the data. Kendall’s tau ranges from
positive to negative values where the positive value indicates an increasing trend in the
data and the negative value indicates a decreasing trend in the data. The statistical
significance is calculated at 95%, where p < 0.05 represents that a statistically

significant trend exists in the dataset.
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Table 4.1 p -values for Annual, Monthly and Seasonal Rainfall

Meteorological Pre-p values Bost. _
subdivisions  Annual Monthly Monsoon Winter
Monsoon Monsoon

Bl 0.264 0.633 0.021 0.443 0.096 0.574
EUP 0.0002  0.101 1 0.001 0.031 0.431
JH 0.475 0.446 0.64 0.569 0.427 0.069
OR 0.914 0.551 0.711 0.386 0.251 0.286
UK 0.101 0.075 0.6 0.504 0.001 0.041

WUP 0.0003  0.238 0.666 0.004 0.032 1
AP 0.115 0.381 0.694 0.245 0.212 0.021
AM 0.037 0..244 0.253 0.862 0.198 0.209
GWB 0.287 0.533 0.059 0.414 0.752 0.837
NMMT 0.008 0.116 0.896 0.007 0.161 0.017
SHWBS 0.433 0.693 0.103 0.36 0.89 0.896
ER 0.678 0.843 0.421 0.902 0.216 0.512
GJ 0.873 0.222 0.055 0.98 0.87 0.651
HCD 0.017 0.795 0.139 0.011 0.026 0.736
HP 0.011 0.196 0.399 0.255 0.027 0.421
JK 0.241 0.498 0.536 0.287 0.158 0.034
PN 0.007 0.694 0.536 0.005 0.127 0.694
SKD 0.418 0.304 0.07 0.207 0.811 0.315
WR 0.142 0.302 0.107 0.174 0.686 0.488
CAP 0.853 0.545 0.066 0.902 0.295 0.41
CK 0.597 0.492 0.985 0.443 0.231 0.261
KL 0.614 0.847 0.339 0.36 0.147 0.379
RAY 0.382 0.278 0.045 0.504 0.93 0.339
SIK 0.745 0.588 0.379 0.225 0.791 0.269
TNP 0.904 0.396 0.536 0.198 0.91 0.64
CHH 0.115 0.423 0.389 0.266 0.87 0.269
EMP 0.034 0.37 0.359 0.245 0.96 0.303
KG 0.985 0.662 0.881 0.98 0.472 0.97
MM 0.697 0.506 0.023 0.748 1 0.587
MA 0.121 0.607 0.223 0.414 0.96 0.476
NIK 0.23 0.751 0.5 0.335 0.623 0.388
TE 0.553 0.486 0.12 0.443 0.696 0.736
VI 0.495 0.162 0.045 0.785 0.83 0.261
WMP 0.311 0.53 0.64 0.674 0.161 0.808

*Bold values indicate significant trend at 95% confidence level.
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Table 4.2 Kendall’s Tau for Annual, Monthly and Seasonal Rainfall

Kendall's Tau

Meteorological Pre- Post-

Subdivisions  Annual Monthly Monsoon Winter
Monsoon Monsoon

BI -0.10 -0.012 0.22 -0.08 -0.15 -0.05
EUP -0.34 -0.041 0.00 -0.33 -0.20 -0.08
JH -0.06 -0.019 0.05 -0.06 -0.07 -0.17
OR -0.01 -0.015 0.03 -0.09 -0.11 -0.10
UK -0.15 -0.044 0.05 -0.07 -0.30 -0.19
WUP -0.32 -0.029 0.04 -0.28 -0.20 0.00
AP -0.14 -0.022 -0.04 -0.11 -0.12 -0.22
AM -0.19 -0.029 -0.11 0.02 -0.12 -0.12
GWB 0.10 0.016 0.18 0.08 -0.03 0.02
NMMT -0.23 -0.039 -0.01 -0.26 -0.13 -0.23
SHWBS -0.07 0.01 0.15 -0.09 -0.01 0.01
ER -0.04 -0.005 0.08 0.01 -0.11 0.06
GJ -0.02 -0.032 -0.18 0.01 -0.02 -0.05
HCD -0.21 -0.007 0.14 -0.25 -0.20 0.03
HP -0.23 -0.032 -0.08 -0.11 -0.20 -0.08
JK 0.11 0.017 -0.06 0.11 -0.13 0.20
PN -0.24 -0.01 0.06 -0.27 -0.14 -0.04
SKD 0.07 -0.027 -0.17 0.12 -0.02 -0.10
WR 0.13 0.026 0.15 0.13 -0.04 0.07
CAP -0.02 0.015 0.17 0.01 -0.10 0.08
CK -0.05 0.017 0.00 -0.08 0.11 0.11
KL -0.05 -0.005 -0.09 -0.09 0.13 -0.08
RAY 0.08 0.027 0.19 0.07 -0.01 0.09
SIK -0.03 0.014 0.08 -0.12 0.03 -0.11
TNP 0.01 -0.021 -0.06 -0.13 0.01 -0.05
CHH -0.14 -0.02 -0.08 -0.11 -0.02 -0.11
EMP -0.19 -0.022 -0.09 -0.11 -0.01 -0.10
KG 0.00 0.011 -0.02 0.01 0.07 0.01
MM -0.04 -0.017 -0.21 -0.03 0.00 -0.05
MA -0.14 -0.013 -0.12 -0.08 -0.01 -0.07
NIK -0.11 0.008 -0.07 -0.10 -0.05 0.08
TE -0.05 0.017 0.15 -0.08 -0.04 0.03
VI -0.06 -0.035 -0.19 -0.03 -0.02 -0.11
WMP -0.09 -0.016 -0.05 -0.04 -0.13 -0.03
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4.1.3 Pre-monsoon rainfall

During the pre-monsoon season, which typically spans from March to May, the
distribution of average rainfall across different regions of India varies significantly. The
meteorological subdivisions of Arunachal Pradesh and Assam-Meghalaya in the North-
East experience the highest average pre-monsoon rainfall, recording 669.18 mm and
607.03 mm of rainfall, respectively. Conversely, Saurashtra-Kutch-Diu and Gujarat
receive the least average pre-monsoon rainfall, with values of 5.48 mm and 5.71 mm,
respectively. The remaining regions generally fall within the range of 10 mm to 500

mm of pre-monsoon rainfall.

An insightful analysis of the pre-monsoon rainfall trend is represented in Figure 4.3 (a).
The meteorological subdivisions of East Uttar Pradesh show neither an increasing nor
decreasing trend. On the other hand, Bihar and Rayalaseema exhibit an increasing trend,
while Vidarbha and Madhya Maharashtra display a decreasing pre-monsoon rainfall
trend that is statistically significant at a 95% confidence level. In contrast, the Central
Northeast region, Gangetic West Bengal, Sub-Himalayan West Bengal Sikkim, East
and West Rajasthan, Haryana-Chandigarh-Delhi, Punjab, Coastal Andhra Pradesh,
Telangana, South Interior Karnataka, and Uttarakhand show an increasing trend in pre-
monsoon rainfall, but the trends are not statistically significant. The remaining
meteorological subdivisions exhibit a decreasing trend in pre-monsoon rainfall, but like

the previous group, the trends are not statistically significant.

Understanding the trends in pre-monsoon rainfall is of vital importance for India's water
balance, as it can significantly impact groundwater recharge and reservoir levels.
Regions experiencing decreasing pre-monsoon rainfall trends may face challenges in
water availability and agricultural productivity. However, regions with increasing
trends may experience changes in local ecosystems and hydrological patterns.
However, it is important to note that the non-significance of some observed trends
indicates that they are likely driven by natural climate variability rather than long-term

changes. Hence, further research and monitoring are necessary to comprehensively
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assess the impact of pre-monsoon rainfall trends and their implications for water

resources and agricultural practices.
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Figure 4.3(a & b) Meteorological subdivisions wise for pre-monsoon and

monsoon rainfall trend for the period (1958-2017)

4.1.4 Monsoon rainfall

During the monsoon period, which typically spans from June to September, the spatial
distribution of average monsoon rainfall across India shows considerable variation.
Regions such as Konkan-Goa, Sub-Himalayan West Bengal, Kerala, Arunachal
Pradesh, and Assam-Meghalaya experience the highest average monsoon rainfall, with
precipitation levels exceeding 2500 mm. On the contrary, the region of West Rajasthan
receives the least average monsoon rain, with rainfall measuring less than 300 mm.
Figure 4.1(b) provides a spatial distribution map illustrating the average monsoon
rainfall trend across the country.

To ascertain the significance of the observed trends, a trend analysis is conducted using
the Mann-Kendall test. The results indicate that the subdivisions of Nagaland-Manipur-
Mizoram-Tripura, East and West Uttar Pradesh, Haryana-Chandigarh-Delhi, and
Punjab exhibit a statistically significant decreasing trend in monsoon rainfall. On the
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other hand, the subdivisions of Assam-Meghalaya, Gangetic West Bengal, Jammu-
Kashmir, East and West Rajasthan, Gujarat, Saurashtra-Kutch-Diu, Coastal Andhra
Pradesh, Rayalaseema, and Konkan Goa show an increasing trend, but these trends are
not statistically significant. The remaining regions display decreasing trends that are

also not statistically significant.

The monsoon rainfall holds paramount importance for India's agriculture, water
resources, and overall economy. It is a critical factor in determining agricultural
productivity and plays a crucial role in replenishing water bodies and reservoirs. Hence,
monitoring and understanding the trends in monsoon rainfall are essential for effective
water resource management and disaster preparedness.

Figure 4.2 (b) provides a graphical representation of the monsoon rainfall trend,
allowing for a clear visualization of the observed patterns across different
meteorological subdivisions. Identifying significant trends in monsoon rainfall helps
policymakers and stakeholders in formulating adaptive strategies to mitigate the
impacts of climate variability on agriculture, water availability, and livelihoods.
However, it is important to interpret the non-significant trends with caution, as they
may result from natural climate variability rather than long-term climate changes.
Continued monitoring and analysis of monsoon patterns are necessary to comprehend
the dynamics of this critical climatic phenomenon and prepare for potential challenges

posed by climate change.

415 Post-monsoon rainfall

The post-monsoon season in India spans October and November, and the distribution
of average post-monsoon rainfall exhibits considerable regional variability. The
meteorological subdivisions of Kerala and Tamil Nadu-Pondicherry experience the
highest average post-monsoon rainfall, with precipitation levels exceeding 350 mm as
depicted in Figure 4.1 (e). In contrast, the region of West Rajasthan, Haryana-
Chandigarh-Delhi, and Punjab receive the lowest average post-monsoon rainfall, with
less than 15 mm of rainfall. The remaining regions typically experience post-monsoon

rainfall ranging from 20 mm to 260 mm.
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As illustrated in Figure 4.3 (a), the trend analysis of post-monsoon rainfall reveals that
India's post-monsoon rainfall has been variable over the years, with some years
experiencing above-normal rainfall and others experiencing below-normal rainfall. The
Mann-Kendall test, employed for trend analysis, identifies significant trends in certain
meteorological subdivisions. The subdivisions of East and West Uttar Pradesh,
Uttarakhand, Haryana-Chandigarh-Delhi, and Himachal Pradesh show a statistically
significant decreasing trend in post-monsoon rainfall. On the other hand, the
meteorological subdivisions of Coastal Karnataka, Kerala, Konkan-Goa, South Interior
Karnataka, and Tamil Nadu-Pondicherry exhibit an increasing trend, but the trend is
not statistically significant during the post-monsoon period. The remaining
meteorological subdivisions experience a decreasing trend, though not statistically
significant. The spatial distribution map for the Mann-Kendall test can be seen in Figure
4.3(a), while the statistical details of the Mann-Kendall test are provided in Tables 4.1
and 4.2.

Understanding post-monsoon rainfall trends is vital for assessing the region's water
availability, especially during the dry season. Regions experiencing a decreasing trend
in post-monsoon rainfall may face water scarcity and challenges in water resource
management. On the contrary, regions with an increasing trend in post-monsoon rainfall

may need to consider potential impacts on flooding, agriculture, and infrastructure.

4.1.6 Winter rainfall

During the winter season, spanning from December to February, the distribution of
average winter rainfall across different regions of India exhibits considerable variation.
Jammu-Kashmir and Himachal Pradesh experience the highest average winter rainfall,
with precipitation levels reaching 262.35 mm and 218.64 mm, respectively (Figure
4.1(f)). Conversely, regions like Saurashtra-Kutch-Diu, Gujarat, Konkan-Goa, Madhya
Maharashtra, and West Rajasthan receive the least average winter rainfall, with
precipitation levels falling below 10 mm. The Mann-Kendall (M-K) test provides
insights into the trends of winter rainfall in different regions. Results from the test show
that Jammu-Kashmir exhibits an increasing trend, while Arunachal Pradesh, Nagaland-

Manipur-Mizoram-Tripura, and Uttarakhand have a statistically significant decreasing
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trend in winter rainfall. The trend analysis for winter rainfall further reveals that certain
regions, including Gangetic West Bengal, Coastal Andhra Pradesh, Coastal Karnataka,
Rayalaseema, South Interior Karnataka, Konkan-Goa, North Interior Karnataka, East
and West Rajasthan, Haryana-Chandigarh-Delhi, and Jammu-Kashmir, indicate an
increasing trend in winter rainfall. However, this increasing trend is not statistically
significant. On the other hand, the remaining meteorological subdivisions display a
decreasing trend in winter rainfall, also not statistically significant. West Uttar Pradesh,
as depicted in Figure 4.3(b), shows neither an increasing nor decreasing trend in winter
rainfall.

It is essential for agriculture and maintaining the water balance to understand the
patterns of winter rainfall in different regions. Adequate winter rainfall is vital for
replenishing groundwater and reservoirs, supporting agricultural activities during the
dry season, and ensuring water availability for various human needs. In regions
experiencing a decreasing trend in winter rainfall, there might be concerns regarding

water shortages and potential impacts on agriculture and water resources.
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Figure 4.4 (a & b) Meteorological subdivisions wise for post-monsoon and
Winter Rainfall trend for the period (1958-2017)
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4.1.7 Trend analysis of meteorological drought indices

The trend analysis of meteorological drought indicators is a crucial aspect that requires
an extensive assessment of patterns and variations in these indices over time. It aims to
identify any systematic trends in drought conditions which can provide insights into the
dynamics or drought occurrence and severity. To achieve this, the Mann-Kendall test
is employed, which is a robust statistical method used to detect temporal trends in
drought indices, specifically the Effective Drought Index (EDI) and Standardized
Precipitation Index (SPI) with various timescales. The Mann-Kendall test is an ideal
choice for this analysis due to its non-parametric nature, making it suitable for datasets
that may not follow a normal distribution. By evaluating the data over a specific period,
the test can determine if there are significant trends in drought conditions, whether they

may be increasing or decreasing in severity over time.

Identifying trends in drought indices is crucial for effective water resource management
and disaster preparedness. A consistent increase or decrease in drought severity could
indicate the need for targeted mitigation strategies, such as implementing water
conservation measures or drought-resistant agricultural practices. On the other hand, a
lack of significant trends might suggest natural variability in drought occurrence, which
is equally important for understanding regional climate patterns and planning
appropriate responses.

Overall, conducting trend analysis using Mann-Kendall test on meteorological drought
indices is a valuable step in enhancing our understanding of drought dynamics in the

study region.

4.1.7.1 Effective Drought Index (EDI)

EDI is a widely recognized drought index which plays a crucial role in assessing
drought severity by considering precipitation data. Conducting a trend analysis Mann-
Kendall test for EDI during the period 1958-2017 in the meteorological subdivisions of
India provides valuable insights into the temporal patterns of drought events during this

study period. The trend analysis of EDI reveals a generally decreasing trend over the
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specified period, although not statistically significant. This observation suggests that
while there might be fluctuations in drought severity, there is no clear overall increasing

or decreasing trend across the entire country.

The visual representation of the EDI trend during 1958-2017 is shown in Figure 4.5,
illustrating the fluctuating nature of drought severity across different regions of India.
Understanding such trends aids in formulating evidence-based policies for drought

mitigation, resource planning, and climate resilience efforts.
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Figure 4.5 Meteorological subdivision wise for Effective Drought Index trend for

the period (1958-2017)

However, when examining specific meteorological subdivisions, interesting patterns
emerge. Regions like Bihar, East Uttar Pradesh, Uttarakhand, West Uttar Pradesh,
Arunachal  Pradesh, Assam-Meghalaya, Nagaland-Manipur-Mizoram-Tripura,
Haryana-Chandigarh-Delhi, Himachal Pradesh, and Punjab display statistically

significant decreasing trends in EDI. This indicates a potential worsening of drought
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conditions in these areas during the study period. On the other hand, Jammu-Kashmir
and West Rajasthan experience an increasing trend in EDI, indicating a potential
improvement in drought conditions in these regions over the years. For the remaining
meteorological subdivisions, the EDI trend is not statistically significant, suggesting
that drought severity has remained relatively stable in those areas during the study
period.

The findings of the EDI trend analysis emphasize the importance of effective drought
management strategies in India. Proactive water management and conservation
practices are crucial to mitigate the impacts of droughts on agriculture, water resources,
and socio-economic activities. Additionally, regions which experiences statistically
significant decreasing trends in EDI may require targeted interventions to tackle

worsening drought conditions and ensure sustainable water availability.

In this study, the Mann-Kendall test was conducted with a significance level set at 95%,
ensuring that the obtained results are reliable and robust. The p -values derived from
the test are essential indicators of the statistical significance of the trends observed in
the EDI data. Table 4.3 provides a comprehensive overview of the Mann-Kendall test
results, including the test statistics, p -values, and Kendall's tau, specifically for the
Effective Drought Index (EDI). The Mann-Kendall test is a vital statistical tool utilized

to identify trends and assess their significance in time series data.

The analysis reveals that not all meteorological subdivisions demonstrated statistically
significant trends for EDI. This finding implies that while some regions may have
experienced notable changes in drought severity over time, these changes may not be
considered statistically significant within the scope of this study. The non-significant
trends can result from a variety of factors, including natural variability, data limitations,
or the influence of multiple drivers impacting drought conditions. It is crucial to
understand that these non-significant trends provide valuable insights into the

complexity of drought changing aspects in different regions.
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Table 4.3 Mann-Kendall statistical properties of 34 Meteorological subdivisions

for EDI
Meteorological subdivisions Kendall's tau p -value Min
Bl -0.02 0.03 -1.49
EUP -0.11 <0.0001 -1.42
JH -0.03 0.28 -1.46
OR 0.00 0.89 -1.54
UK -0.07 0.00 -1.64
WUP -0.12 <0.0001 -1.45
AP -0.08 0.00 -1.60
AM -0.07 0.01 -1.71
GwWB 0.05 0.06 -1.53
NMMT -0.12 <0.0001 -1.45
SHWBS -0.01 0.79 -1.58
ER -0.01 0.57 -1.35
GJ 0.00 0.88 -1.32
HCD -0.08 0.00 -1.38
HP -0.10 <0.0001 -1.79
JK 0.08 0.00 -2.05
PN -0.11 <0.0001 -1.50
SKD 0.04 0.12 -1.26
WR 0.06 0.01 -1.34
CAP 0.01 0.69 -1.64
CK 0.00 0.86 -1.46
KL -0.02 0.38 -1.73
RAY 0.04 0.14 -1.66
SIK -0.01 0.84 -1.66
TNP -0.05 0.05 -2.02
CHH -0.03 0.30 -1.45
EMP -0.04 0.14 -1.45
KG 0.01 0.73 -1.53
MM 0.00 0.96 -1.57
MA -0.03 0.17 -1.62
NIK -0.03 0.25 -1.56
TE 0.00 0.94 -1.52
VI -0.01 0.59 -1.49
WMP -0.01 0.63 -1.40
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4.1.7.2 Standardized Precipitation Index (SP1-9 and SPI-12)

SPI is a widely use meteorological drought index which quantifies anomalies. SPI is
often used to assess and monitor drought conditions and can be computed over different
timescales. SPI1-9 and SPI-12 refers to the 9-month and 12-month timescale and
assesses precipitation anomalies and drought conditions over 9 months and 12 months.
Figure 4.6 (a & b) illustrates the trends of the SPI-9 and SPI-12, which are essential
drought indices used to assess meteorological drought conditions. The analysis of these
trends provides valuable insights into the changing patterns of drought occurrence and

severity over time.
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Figure 4.6 (a & b). Meteorological subdivision wise for SP1-9 and SPI1-12 trend
for the period (1958-2017)

In Figure 4.6 (a), a statistically significant increasing trend in drought severity is
observed for certain regions. Notably, Gangetic West Bengal, Uttarakhand, Jammu-
Kashmir, West Rajasthan, Saurashtra-Kutch-Diu, and Rayalaseema exhibit a clear and
statistically significant upward trend in drought severity based on the SPI-9. In Figure
4.6 (b), a statistically significant trend is observed in Coastal Andhra Pradesh, Kerala,
Rayalaseema, Uttarakhand and West Madhya Pradesh based on SPI-12. These findings
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suggest that these regions have experienced a consistent increase in the severity and
frequency of meteorological drought events, posing challenges to water resources and
agricultural activities. In contrast, the Konkan-Goa region displays an increasing trend
in drought severity as well; however, it is not statistically significant. This finding
implies that while there is an observable increase in drought severity in this region,
further analysis is required to determine whether this trend is significant or simply a
result of natural variability. For several other regions, including Arunachal Pradesh,
Assam-Meghalaya, Sub-Himalayan West Bengal Sikkim, Bihar Jharkhand, East and
West Uttar Pradesh, Haryana-Chandigarh-Delhi, Himachal Pradesh, East and West
Madhya Pradesh, Chhattisgarh, Marathwada, North Interior Karnataka, and Kerala, a
statistically significant decreasing trend in drought severity is identified at a 95%
confidence level. This indicates that these regions have experienced a reduction in
drought severity over time. Such trends can have implications for water resource

management and agriculture in these areas.

The data suggests an overall increasing trend in SPI-9 and SPI-12 values, implying that
drought events have become more frequent and severe in recent years. This observation
is a matter of concern as it highlights the escalating impact of drought on water
resources, agriculture, and ecosystems in the study region. The increasing trend in
drought severity aligns with climate change projections, which also indicate a rise in
the frequency and intensity of extreme events, including droughts, in many regions

across the globe.

The statistical parameters of the Mann-Kendall test for SPI1-9 and SPI-12 are listed in
Table 4.4, providing essential insights into the strength and direction of the trends
observed. These parameters help establish the statistical significance of the trends and
determine their impact on drought conditions. The statistical significance of the SPI-9
and SPI-12 trends is crucial for decision-making and policy formulation to address the
growing challenges posed by drought events. It emphasizes the urgency of adopting
sustainable practices and adaptive measures to effectively manage and cope with the

increasing frequency and severity of drought events driven by climatic changes.
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Table 4.4 Mann-Kendall statistical properties of 34 Meteorological subdivisions
for SP1-9 and SP1-12

Meteorological ; SP1-9 SP1-12
Subdivisions  'eendall’s p-value Min Kendall* - p- Min
tau s tau value
Bl -0.080 0.001 -3.154  -0.085 0.001 -3.223
EUP -0.282 <0.0001 -3.604 -0.322 <0.0001 -3.086
JH -0.065 0.009 -3.314  -0.079 0.002 -3.227
OR -0.026 0.292 -3.847  -0.020 0.434 -2.498
UK 0.147 <0.0001 -3.643 -0.164 <0.0001 -2.997
WUP -0.254 <0.0001 -3.155 -0.307 <0.0001 -3.432
AP -0.136 <0.0001 -2.122 -0.139 <0.0001 -1.836
AM -0.167 <0.0001 -2.523 -0.190 <0.0001 -2.326
GwB 0.129 <0.0001 -2.343 0.123 <0.0001 -2.309
NMMT -0.229 <0.0001 -2.131 -0.254 <0.0001 -2.001
SHWBS -0.061 0.015 -3.044 -0.074 0.003 -2.833
ER -0.029 0.248 -3.321  -0.035 0.164 -3.594
GJ -0.012 0.632 -2.746  -0.011 0.663 -2.713
HCD -0.165 <0.0001 -2.824 -0.220 <0.0001 -2.740
HP -0.182 <0.0001 -2561 -0.201 <0.0001 -2.380
JK 0.091 0.0003 -2.476 0.113 <0.0001 -2.548
PN -0.208 <0.0001 -3.575 -0.248 <0.0001 -3.569
SKD 0.061 0.016 -3.124 0.075 0.003 -3.468
WR 0.113 <0.0001 -3.233 0.123 <0.0001 -3.496
CAP -0.006 0.808 -2.215  -0.001 0.965 -2.408
CK -0.012 0.633 -2.333  -0.027 0.277 -2.076
KL -0.047 0.059 -3.334  -0.062 0.013 -2.691
RAY 0.064 0.011 -3.043 0.075 0.003 -2.981
SIK -0.024 0.345 -3.5638 -0.036 0.148 -3.416
TNP -0.023 0.365 -4.605 -0.017 0.502 -4.895
CHH -0.105 <0.0001 -4.123 -0.113 <0.0001 -2.453
EMP -0.131 <0.0001 -3.039 -0.153 <0.0001 -3.078
KG 0.011 0.663 -2.924  0.001 0.964 -3.206
MM -0.027 0.278 -3.085 -0.030 0.236 -3.199
MA -0.103 <0.0001 -3.654 -0.117 <0.0001 -3.099
NIK -0.082 0.001 -3.114  -0.104 <0.0001 -2.361
TE -0.027 0.277 -3.361  -0.037 0.145 -2.209
VI -0.043 0.084 -3.436  -0.041 0.101 -2.210
WMP -0.048 0.053 -3.514  -0.059 0.020 -2.885
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Overall, the trend analysis of SPI-9 and SPI-12 in Figure 4.5(a & b) provides a
comprehensive understanding of the spatial and temporal variations in drought severity
across different regions of India. The inclusion of statistical significance helps
distinguish meaningful trends from random variations, offering a reliable basis for

decision-making and policy formulation related to drought management and adaptation.

4.1.7.3 Drought frequency

Drought frequency is a crucial aspect of drought analysis, providing insights into the
occurrence and patterns of drought events over a specific period in different regions. It
quantifies how frequently droughts happen in each meteorological subdivision, offering
valuable information for drought management and planning. Understanding drought
frequency is crucial for assessing the climatic patterns and often uses historical climate
data and statistical analysis to identify patterns and trends. To assess drought frequency,
historical records of drought events are analysed, and their occurrence and duration are
determined. In this study, three drought indices, namely EDI, SPI-9, and SPI-12, are
utilized to quantify and characterize the frequency of droughts in each of the thirty-four
meteorological subdivisions. Drought frequency can is calculated using the following

formula,

Number of drought events

Drought frequency = x 100

Total number of years

The drought frequency figures are presented with the help of 3-D bar charts showing
the three axes (x, y and z). The 3-D visualization. Shows a quantitative information
making it easier to compare the data. Figure 4.7 (a-e), Figure 4.8 (a-e) and Figure 4.9
(a-e) represent the results of the drought frequency analysis for EDI, SP1-9, and SPI-
12, respectively using bar charts. The bar charts visually depict the occurrence and
patterns of drought events for each region over the study period. The drought frequency
analysis using these indices provides a comprehensive understanding of the variation
in drought occurrence and duration across the study region. It enables the identification
of regions that experience frequent and prolonged droughts, as well as areas that are

relatively less affected by drought events. This information is essential for
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policymakers, water resource managers, and other stakeholders to develop targeted
drought mitigation strategies, improve water allocation, and implement effective
drought preparedness measures. The use of multiple drought indices (EDI, SPI-9, and
SPI-12) for the frequency analysis allows for a robust assessment of drought patterns,
considering various timescales and drought severity levels. This comprehensive
approach ensures a more accurate representation of the actual drought scenario in each
meteorological subdivision.
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Figure 4.7 (a) Bar charts of drought frequency for Central Northeast along with

numerical percentage using EDI
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Figure 4.9 (b) Bar charts of drought frequency for North-East along with

numerical percentage using SP1-12
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From the bar charts, it has been observed that the occurrence of extreme drought
condition is of very less frequency as compared to other conditions of drought. Certain
locations may experience drought frequently, whereas other areas might go for years
without one, depending on the geography, climate, and other climatic factors. The
frequency of normal drought occurrence was in the range of 60-75%, moderate drought
has 6-20%, severe drought has 0-7% and extreme drought has 0-6%. However, for EDI,
extreme drought conditions are seen in Jammu and Kashmir of the North-West region
and Tamil Nadu-Pondicherry of the Peninsular region during the study period. The
climate of Jammu and Kashmir is categorized as subtropical, and rainfall amounts and
distribution change significantly over time. Because of this, there will be a prolonged
period of no rain, which will cause extreme drought conditions. On the other side, Tamil
Nadu-Pondicherry is also experiencing severe drought conditions as a result of several
weak or delayed monsoon events over the years.

Overall, the analysis of drought frequency using the EDI, SPI-9, and SPI-12 indices
provides valuable insights into the historical occurrence and characteristics of drought
events. These findings contribute to a better understanding of drought vulnerability and
resilience in different regions, facilitating informed decision-making and adaptive
strategies to mitigate the impacts of drought on various sectors, including agriculture,
water resources, and the environment.

From the drought frequency analysis, it is seen that extreme drought conditions for SPI-
9 and SPI-12 timescale occur in the study region except that for SP1-12 in the Arunachal
Pradesh subdivisions of the North-East region. From Table 4.5, 4.7 and 4.8, it is
observed that in most of the subdivisions, severe drought is dominant for EDI whereas
for SPI-9 and SPI-12 extreme dry condition is the most dominant. The most intense
drought was observed at Jammu-Kashmir with EDI value of -2.05. For SPI-9, the most
intense drought is observed in Tamil Nadu-Pondicherry with -4.895. SPI-12 shows the
most intense drought in Tamil Nadu-Pondicherry. The variations in the rainfall pattern
play an important role in drought conditions. Over the years, the amount of rainfall has

also been decreasing leading to a shortage in water supply in most of the regions. Hence,
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understanding drought frequency may help develop strategies to mitigate and adapt to

the impacts of droughts.

Table 4.5 Most severe drought for EDI, drought category, Year and Rainfall

Homogenoqs Meteor_ol_ogical EDI Category Month- Rainfall
Monsoon Regions Subdivision Year (mm)
Bl -1.49 Moderate Jun-1975 143.2
EUP -1.42  Moderate Jul-2012 234.2
C | North JH -1.46  Moderate May-1989 66.4
entral Northeast OR 154  Severe  Jun-1975 193.3
UK -1.64 Severe May-1999 50.5
WUP -1.45  Moderate Jul-2012 145.1
AP -1.60 Severe Apr-1969 127
AM -1.71 Severe Apr-2012 209.6
North-East GWB -1.53 Severe May-1966 434
NMMT -1.45  Moderate Jul-2012 249.1
SHWBS -1.58 Severe May-1960 293.2
ER -1.35  Moderate Jun-2010 27.3
GJ -1.32  Moderate Jun-1987 69.6
HCD -1.38  Moderate Jul-2012 68.1
H HP -1.79 Severe Jul-2012 241.5
North-west K 205 Extreme  May-1970 375
PN -1.50 Severe Jun-2010 41.8
SKD -1.26  Moderate Jun-1988 12.7
WR -1.34  Moderate Jul-1969 3
CAP -1.64 Severe Jun-1985 105.1
CK -1.46  Moderate Jun-1986 976.5
. KL -1.73 Severe Jun-1983 322.8
Peninsular
RAY -1.66 Severe May-2017 39.9
SIK -1.66 Severe May-1966 90.9
TNP -2.02 Extreme May-2004 101.1
CHH -1.45  Moderate Jun-2009 45.3
EMP -1.45  Moderate Jun-2008 307.6
KG -1.53 Severe Jun-1973 455.9
MM -1.57 Severe Jun-1973 124.7
West Central MA -1.62 Severe Jun-1973 112.3
NIK -1.56 Severe May-1973 29.7
TE -1.52 Severe Jun-1973 110.5
Vi -1.49 Moderate Jun-1992 167.9
WMP -1.40  Moderate Jun-1966 69.2
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Table 4.6 Most severe drought for SPI-9, drought category, Year and Rainfall

Homogenous Meteorological SPI9  Category Month-  Rainfall

Monsoon Regions Subdivision Year (mm)
Bl -3.154  Extreme  Aug-1972 154.9
EUP -3.604  Extreme  Apr-1998 6.6
Central Northeast JH -3.314  Extreme  Sep-2010 160.5
OR -3.847  Extreme Jun-2009 87.3
UK -3.643  Extreme Jul-2009 157.5
WUP -3.155  Extreme Jul-2012 145.1
AP -2.122  Extreme  Apr-1969 127
AM -2.523  Extreme Jun-2009 295.7
North-East GwB -2.343  Extreme Jan-1983 9.1
NMMT -2.131  Extreme Jan-1973 16.5
SHWBS -3.044  Extreme Jun-1966 287.5
ER -3.321 Extreme  Mar-2003 0.5
GJ -2.746  Extreme  May-1987 0.3
HCD -2.824  Extreme Jul-2012 68.1
North-west HP -2.561  Extreme Jun-2012 311
JK -2476  Extreme  Aug-1970 99.8
PN -3.575  Extreme Jul-2002 50.4
SKD -3.124  Extreme Oct-1987 0.1
WR -3.233  Extreme  Aug-2002 17.2
CAP -2.215  Extreme Jan-2003 6.3
CK -2.333  Extreme Jun-2009 450.3
Peninsular KL -3.334  Extreme Jun-1983 322.8
RAY -3.043  Extreme  Apr-2017 8.8
SIK -3.538 Extreme  Apr-2017 34.1
TNP -4.605 Extreme  Nov-2002 47.2
CHH -4.123  Extreme Jun-2009 45.3
EMP -3.039  Extreme Jul-2002 84.7
KG -2.924  Extreme  May-1992 6.2
MM -3.085  Extreme Oct-1972 7.3
West Central MA -3.654  Extreme  Apr-1992 3.5
NIK -3.114  Extreme Jul-2001 62.1
TE -3.361  Extreme Jun-1966 67.2
VI -3.436 Extreme  May-1992 5.7
WMP -3.514  Extreme  Apr-2001 6.0
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Table 4.7 Most severe drought for SPI1-12, drought category, Year and Rainfall

Homogenous Meteorological Month- Rainfall
Monsoog Region Sub-stati%n SPI-12- Category Year (mm)
Bl -3.223 Extreme Dec-2010 2.1
EUP -3.086 Extreme Jul-1998 218.3
Central Northeast JH -3.227 Extreme  Nov-2010 4.7
OR -2.498 Extreme  May-1975 18.4
UK -2.997 Extreme  Aug-2009 202.6
WUP -3.432 Extreme Jul-2002 29.6
AP -1.836 Severe Nov-1967 10
AM -2.326 Extreme  Mar-2012 19.4
North-East GWB -2.309 Extreme  Jun-1967 131.6
NMMT -2.001 Extreme Dec-1972 4.5
SHWBS -2.833 Extreme Jun-1979 271.3
ER -3.594 Extreme  Aug-2002 130.6
GJ -2.713  Extreme  Aug-1987 180.6
HCD -2.74 Extreme  Aug-2002 78.2
North-west HP -2.38 Extreme  Nov-1974 2.4
JK -2.548 Extreme  Mar-1971 104
PN -3.569 Extreme Jul-2002 50.4
SKD -3.468 Extreme  Aug-1987 335
WR -3.496 Extreme  Aug-2002 17.2
CAP -2.408 Extreme  Aug-1968 455
CK -2.076 Extreme Jul-2002 545.7
Peninsular KL -2.691 Extreme Jul-2017 378.5
RAY -2.981 Extreme Jul-2017 52.2
SIK -3.416 Extreme Jul-2017 125.9
TNP -4.895 Extreme  Sep-2002 32.2
CHH -2.453 Extreme  Sep-2009 104.7
EMP -3.078 Extreme  Aug-2007 491.8
KG -3.206 Extreme  Jun-1973 455.9
MM -3.199 Extreme Oct-1972 7.3
West Central MA -3.099 Extreme Oct-1972 4.2
NIK -2.361 Extreme Jun-2003 66.9
TE -2.209 Extreme Jun-1973 110.5
VI -2.21 Extreme Jul-1992 241.3
WMP -2.885 Extreme Jul-2002 46.9
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4.2 PREDICTION OF METROLOGICAL DROUGHT INDICES USING
MACHINE LEARNING ALGORITHMS
In this section, the descriptive and statistical results reasoning of hybrid machine
learning models adopted for meteorological drought study is presented. The obtained
statistical measures are thoroughly discussed and comparatively evaluated to
comprehend the best possible machine learning models for the meteorological drought
indices. The study employs three machine learning algorithms:

(a) Generalized Regression Neural Network (GRNN)

(b) Genetic Algorithm-Adaptive Neuro-Fuzzy Inference System (GA-ANFIS)

(c) Particle Swarm Optimization-Adaptive Neuro-Fuzzy Inference System

(PSO-ANFIS).

To ensure comprehensive and accurate predictions, two hybrid ANFIS models, namely
GA-ANFIS and PSO-ANFIS, along with the GRNN algorithm, are applied for
predicting the meteorological drought indices in thirty-four meteorological sub-
divisions of India. The dataset used for training and testing the models consists of
monthly rainfall data from 1958 to 2017. From this data, EDI, SPI-9 and SPI-12 are
calculated for each meteorological subdivision. To evaluate the performance of the
machine learning models, various performance metrics, including R%, NSE and
RRMSE are utilized to assess the performance of each model in predicting the
meteorological drought indices. These metrics provide a comprehensive understanding
of the accuracy and reliability of the models’ predictions (Reihanifear et al. 2023). By
comparing the results obtained from the three machine learning models, it is aimed to
identify the model that demonstrates the highest accuracy and best prediction
capability. The use of hybrid ANFIS models (GA-ANFIS and PSO-ANFIS) alongside
the GRNN algorithm allows for a robust and adaptive approach to model the complex
relationships between meteorological variables and drought indices. This combination
of algorithms enhances the predictive capabilities of the models, ensuring accurate and
reliable prediction.
Overall, this section provides a detail examination of the machine learning models

performance, allowing us to make informed decisions about the most suitable model
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for predicting meteorological drought indices. The results obtained from this analysis
can significantly contribute to better drought preparedness, water resource

management, and sustainable planning in the studied regions.

4.2.1 Performance evaluation of Effective drought index (EDI) prediction

In this study, EDI prediction has been conducted for all thirty-four meteorological
subdivisions (MSDs) in India. In this section, we present a detailed analysis of the
performance evaluation of three hybrid machine learning models: GA-ANFIS, PSO-
ANFIS, and GRNN, for prediction of EDI. The accuracy of the models is assessed
based on three key metrics: R?2, RRMSE, and NSE. The comparative evaluation across
MSDs provides valuable insights into the efficacy of the prediction models for EDI and
helps identify the most suitable model for specific regions. These findings are crucial
for guiding effective decision-making and resource management strategies to mitigate
the impacts of drought conditions.

To determine the effectiveness of the machine learning models GA-ANFIS, PSO-
ANFIS, and GRNN performance at predicting the EDI, emphasis has been given to the
Central Northeast region, which has six meteorological subdivisions. The results are
depicted in Figure 4.10, which showcases the scatterplot of observed and predicted EDI
values. Remarkably, the GA-ANFIS model exhibits a remarkable agreement with the
observed EDI, emphasizing the robustness and consistency of this hybrid model in
capturing the variations in drought conditions. The close alignment between the
observed and predicted EDI points to the model's capability to provide reliable
predictions. The high R? value indicates a strong correlation between the observed and
predicted EDI values, while the low RRMSE and NSE values signify the model's
accuracy in minimizing the error and capturing the variability in the observed data,
respectively. Each model's performance results for the respective MSDs within each
Homogenous monsoon regions (HMR) are presented in Table 4.8 for EDI. Moreover,
a detail comparative analysis of the models reveals that the GA-ANFIS model stands
out as the best-performing model in the Central Northeast region. It yields impressive
performance with R?, RRMSE, and NSE values of 0.884, 0.407, and 0.833,

respectively.
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Table 4.8 Performance metrics of GA-ANFIS, PSO-ANFIS and GRNN for EDI

R? RRMSE NSE
MSD GA- PSO- GA- PSO- GA- PSO-
ANFIS ANFIS GRNN ANFIS ANFIS GRNN ANFIS ANFIS GRNN

Bl 0.858 0.871 0.797 0387 0380 04/8 0849 0855 0.770
EUP 0855 0.854 0.813 0426 0434 0458 0818 0811 0.788
JH 0871 0877 0831 0366 0357 0414 0865 0872 0.827
OR 0884 0879 0873 0342 0347 035 0882 0879 0.873
UK 0.836 0.834 0.822 0.407 0409 0421 0833 0.832 0.822
WUP 0.816 0.823 0.807 0495 0476 0483 0.753 0.772 0.765

AP 0.834 0841 0.825 0415 0407 0423 0826 0.833 0.820
AM 0.898 0.89 0.838 0.355 0370 0423 0.873 0.862 0.814
GWB 0846 0852 0813 0392 0385 0433 0.845 0.850 0.811
NMMT 0.882 0917 0871 0404 0348 0483 0.836 0.878 0.765
SHWBS 0911 0919 0888 0311 0.291 0.343 0903 0915 0.882

ER 0876 0.877 0.855 0.388 0.352 0.393 0.849 0.875 0.844
GJ 0.825 0.844 0.759 0418 0394 0499 0824 0.844 0.749
HCD 0.773 0729 0671 0498 0533 0576 0.750 0.714 0.666
HP 0.685 0.685 0.613 0577 0585 0.631 0.664 0.655 0.599
JK 0.556 0570 0.49%9% 0.671 0.665 0.712 0546 0.555 0.489
PN 0.733 0.729 0.693 0535 0537 0553 0.712 0.710 0.691
SKD 0.719 0.753 0583 0538 0509 0.662 0.709 0.739 0.558
WR 0.774 0.773 0.700 0480 0481 0567 0.768 0.767 0.676

CAP 0.788 0.795 0.705 0.460 0456 0543 0.787 0.791 0.703
CK 0898 0.893 0.894 0321 0330 0333 0896 0890 0.888
KL 0.842 0847 0795 0397 0391 0458 0.842 0.846 0.789
RAY 0.743 0762 0.731 0530 0519 0547 0.717 0.729 0.707

SIK 0857 0.867 0.845 0378 0366 0401 0856 0865 0.838
TNP 0.706 0.711 0.698 0542 0538 0553 0.704 0.709  0.692

CHH 0914 0921 0911 0299 0284 0305 0910 0919 0.906
EMP 0859 0869 0841 0378 0373 0404 0856 0860 0.836
KG 0901 0919 088 0324 0291 0361 0894 0915 0.868
MM 0.869 0.887 0.866 0384 0374 0438 0851 0859 0.807
MA 0.809 0815 0.760 0439 0430 0488 0.806 0.813 0.760
NIK 0.828 0.835 0.819 0418 0414 0424 0819 0.824 0.798
TE 0.844 0.856 0.802 0394 0379 0440 0844 0856 0.805

VI 0878 0.889 0865 0352 0350 0.385 0.875 0.877 0.850
WMP 0882 0871 0.852 0343 0.360 0.387 0.881 0.869 0.849

**Bold values indicate the best prediction result for the model
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The Northeast region, comprising five meteorological subdivisions, was subjected to a
comprehensive evaluation of three hybrid machine learning models: GA-ANFIS, PSO,
and GRNN, to assess their predicting capabilities for the EDI. The results are depicted
in Figure 4.11, which presents the scatterplot of observed and predicted EDI values for
each model. Among the three models, it is evident that the GA-ANFIS model
demonstrates superior prediction accuracy in the Northeast region. This is highlighted
by the impressive values of the evaluation metrics with R? value of 0.898 indicates a
strong correlation between the observed and predicted EDI values. A high R? value
signifies the model's ability to capture the variation in the data and produce accurate
prediction. The NSE value of 0.875 and RRMSE value of 0.355 further confirms the
GA-ANFIS model's predictive capabilities defines that the model has better accuracy
between the observed and predicted EDI values in the North-East region. A low
RRMSE indicates that the model's prediction is close to the actual values, signifying its

reliability and precision.

The superior performance of the GA-ANFIS model in the Northeast region suggests its
potential as a valuable tool for drought prediction in this region. The model's ability to
provide accurate and consistent predictions can aid regional authorities, policymakers,
and stakeholders in making informed decisions to mitigate the impacts of drought,
manage water resources effectively, and implement appropriate drought relief
measures. The reliable predictions generated by the GA-ANFIS model can contribute
to better planning and preparedness for drought events, thus enhancing resilience and

adaptive capacity in the Northeast region.

In analysis of the North-West region, consisting of eight meteorological subdivisions,
it has been explored that the performance of the PSO-ANFIS model shows a better
prediction for EDI. Among the subdivisions, the East Rajasthan subdivision have
demonstrated remarkable predictive accuracy with R? value of 0.877, RRMSE = 0.352
and NSE = 0.875. Additionally, Figure 4.12 provides a graphical comparison of the
PSO-ANFIS, GA-ANFIS and GRNN models in the Northwest region between the
predicted and observed EDI. The graphs clearly illustrate that PSO-ANFIS models

75



holds good significant potential as a valuable tool for drought prediction in the
Northwest region, particularly in the East Rajasthan region. The PSO-ANFIS model's
reliability can boost resilience and preparedness against drought impacts, supporting
sustainable water management and agricultural practices in the North-West region.

In the Peninsular region, comparison among the six meteorological subdivisions has
been conducted. Notably, the Coastal Karnataka subdivision shows an R? of 0.898,
RRMSE of 0.321 and NSE of 0.896 for the GA-ANFIS model. Furthermore, the
scatterplot in Figure 4.13 illustrates the EDI results for the Peninsular region,
particularly focusing on the Coastal Karnataka subdivisions. The graph demonstrates
the GA-ANFIS model's strong performance, particularly when comparing the R2
values. The model's ability to yield similar R? values to the PSO-ANFIS model in the
Coastal Karnataka and Kerala subdivisions reinforces the consistency and reliability of
the GA-ANFIS model's predictions. These results indicate that the GA-ANFIS model
is highly effective in predicting the EDI values in the Coastal Karnataka subdivision of
the Peninsular region. Its robust correlation, low error, and skillful predictions empower
stakeholders and decision-makers in the region to make informed choices in managing
water resources, implementing drought mitigation strategies, and planning for potential

drought events.

In the West Central region, the GA-ANFIS model shows a higher performance accuracy
having R2, RRMSE and NSE of 0.921, 0.284 and 0.919 respectively in Chhattisgarh
subdivisions. Figure 4.14 provides a graphical representation of the EDI results in the
West Central region, highlighting the GA-ANFIS model's excellence in Chhattisgarh
subdivisions. The scatterplot shows a strong agreement between the predicted and
observed EDI values, further corroborating the model's accuracy and consistency.
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Comparing the results of different performance metrics, it is evident that the hybrid
machine learning models, particularly GA-ANFIS, exhibit a better agreement with the
GRNN model in terms of R?2, RRMSE, and NSE. This suggests that the GA-ANFIS
model not only outperforms the GRNN model but also provides more reliable and
accurate prediction for the Chhattisgarh subdivisions within the West Central region.
These findings indicate that the GA-ANFIS model is a promising tool for EDI
prediction in the West Central region, particularly for Chhattisgarh subdivisions.
Figures 4.10 to 4.14 illustrate the scatterplot for observed and predicted EDI using GA-
ANFIS, PSO-ANFIS and GRNN for all the meteorological subdivisions which are
again segregated concerning homogenous monsoon regions. The entire analysis
demonstrates the superior performance of GA-ANFIS and PSO-ANFIS models
compared to the GRNN model across all meteorological subdivisions. The scatterplots
visibly depict the close agreement between the observed and predicted EDI values for
most of the meteorological subdivisions using GA-ANFIS and PSO-ANFIS models.
This consistency demonstrates the robustness of these hybrid models in capturing the
complex patterns of EDI and providing reliable prediction throughout the study area.
The models' ability to closely align with the observed data indicates their effectiveness
in predicting drought events accurately.

The statistical indices for EDI in terms of RRMSE showcase the accuracy of the models'
predictions. The RRMSE values for GA-ANFIS, PSO-ANFIS, and GRNN models fall
within the range of 0.299 to 0.671, 0.283 to 0.665, and 0.305 to 0.712, respectively.
Lower RRMSE values signify better accuracy in capturing the variations between
observed and predicted EDI values. Here, it is observed that both GA-ANFIS and PSO-
ANFIS models consistently yield lower RRMSE values, indicating their proficiency in
generating more accurate predictions compared to the GRNN model. Most subdivisions
show RRMSE values between 0.3 and 0.5, which are considered relatively poor.
However, it is worth noting that some subdivisions exhibit excellent RRMSE values
below 0.3, indicating high accuracy in the models' predictions for those specific
regions. The overall performance of GA-ANFIS and PSO-ANFIS models highlights
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their superiority in delivering precise prediction, especially in subdivisions with lower
RRMSE values.

The findings suggest that the hybrid machine learning models, particularly GA-ANFIS
and PSO-ANFIS, are well-suited for EDI prediction in the study area. Their consistent
performance, as depicted in the scatterplots, demonstrates their potential in aiding
drought preparedness, water resource management, and climate adaptation strategies.
The higher accuracy measures of GA-ANFIS and PSO-ANFIS models underscore their
significance in generating reliable predictions, which can be invaluable for decision-
makers, agricultural planners, and stakeholders in mitigating the impacts of droughts

and ensuring sustainable resource management.

4.2.2 Performance evaluation of SPI1-9 prediction

The performance evaluation of SPI-9 is a crucial aspect of the study as it assesses the
accuracy and reliability of the predicted drought index value compared to the observed
data. This evaluation helps in understanding the effectiveness of the machine learning
models used for predicting SPI-9 and provides insights into their prediction capabilities
for different meteorological subdivisions. The performance evaluation is typically
based on several statistical measures. Each of these metrics serves a specific purpose in
assessing the quality of the predictions and their agreement with the observed data.

Among the meteorological subdivisions in the Central Northeast region, Uttarakhand
stands out with exceptional prediction results using the PSO-ANFIS model. Notably, it
achieved R?, RRMSE, and NSE values of 0.823, 0.416, and 0.823, respectively. These
high-performance metrics indicate the model's superior ability to capture the SPI-9
variations accurately, making it the most effective among the three models tested. The
findings suggest that for SPI-9 predicting in the Central Northeast region, the PSO-
ANFIS model is the most reliable and accurate among the three machine learning
models. The selection of an appropriate prediction model is critical for decision-making
and policy formulation to address drought-related challenges effectively. Based on the
results presented in Table 4.6, the PSO-ANFIS model emerges as the most suitable
choice for SPI-9 prediction in the Central Northeast India, offering improved accuracy

and reliability compared to the other models.
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For SPI-9, in the North-East region, GA-ANFIS has the best prediction results with
0.859, 0.395 and 0.843 in terms of R?, RRMSE and NSE, respectively which are
obtained in Nagaland-Manipur-Mizoram-Tripura subdivision. The R? value of 0.859 is
particularly noteworthy as it indicates a strong and positive correlation between the
observed and the predicted SPI-9 as illustrated in Figure 4.15. This suggests that the
GA-ANFIS model has effectively captured the underlying patterns and drought
occurrence in this subdivision. The findings indicate that the GA-ANFIS model is well-
suited for SPI-9 prediction in the North-East region, with the Nagaland-Manipur-
Mizoram-Tripura subdivision benefiting from its robust predictions. The high R? value
confirms the model's proficiency in explaining the variations in SP1-9 data, while the
low RRMSE and high NSE values further validate its accuracy and capability.

In the Northwest region, the performance of three machine learning models, namely
GA-ANFIS, PSO-ANFIS, and GRNN, has been evaluated by comparing the predicted
SPI with the observed SPI values in the eight meteorological subdivisions for SPI-9
(Figure 4.17). The statistical analysis was conducted to assess the accuracy and
reliability of each model's predictions in capturing the variability of SPI for this specific
region. Based on the analysis, it was found that the GA-ANFIS model outperformed
the other models in terms of prediction accuracy for the North-West region. Notably,
the Jammu-Kashmir subdivision stood out as it exhibited the best prediction results for
the GA-ANFIS model, achieving R?, RRMSE, and NSE values of 0.803, 0.447, and
0.799, respectively.

In the Peninsular region, which consists of six meteorological subdivisions, the
performance of three machine learning models, namely GA-ANFIS, PSO-ANFIS, and
GRNN, was evaluated in terms of their prediction accuracy for SPI-9. Among these
models, the PSO-ANFIS model emerged as the best performer for SPI-9 in Kerala
subdivisions (Figure 4.18). It generated the best predicted results of 0.818, 0.464 and
0.784 in terms of R?, RRMSE and NSE for the PSO-ANFIS model which outperformed
the GA-ANFIS and GRNN models. The superior performance of the PSO-ANFIS
model in the Peninsular region, particularly for the Kerala subdivisions, suggests that
this model is well-suited for predicting drought conditions in this area.
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In the West Central region, which comprises of nine meteorological subdivisions, the
performance of different machine learning models was evaluated for predicting the SPI.
Among these models, the PSO-ANFIS model demonstrated the best predicting
performance for the North Interior Karnataka subdivision (Figure 4.19). The PSO-
ANFIS model exhibited has the best performance in North Interior Karnataka as
compared with the other meteorological subdivisions with 0.859, 0.493 and 0.729 in
terms of R?, RRMSE and NSE. By outperforming other models, such as GA-ANFIS
and GRNN, the PSO-ANFIS model proves its superiority as a valuable tool for drought
prediction and monitoring in the North Interior Karnataka subdivision and, more
broadly, the West Central region of India.

In Figures (4.15 - 4.19), the scatterplots of the observed and predicted SPI-9 of the GA-
ANFIS, PSO and GRNN models are presented. These figures provide a visual
representation of the model performance and demonstrate the robustness and
consistency of the generated hybrid models, particularly the GA-ANFIS and PSO-
ANFIS models, in accurately predicting SPI-9 values. The close agreement between the
observed and predicted SPI-9 values across multiple meteorological subdivisions and
regions demonstrates the effectiveness of the GA-ANFIS and PSO-ANFIS models in
predicting drought conditions. These hybrid machine learning models are useful in
understanding and making effective decision in water sector domain. Their ability to
capture regional drought patterns and the observed data reaffirms their potential to aid
in drought monitoring and mitigation efforts. Overall, the scatterplots presented in
Figures (4.15 to 4.19) provide visual evidence of the robustness and consistency of the
GA-ANFIS and PSO-ANFIS models in predicting SPI1-9 values across different regions
in India.

Table 4.9 presents the performance statistics for the predicted results of the SPI-9 in
thirty-four meteorological subdivisions. This evaluation offers valuable insights into

the accuracy and effectiveness of the models in predicting SPI-9.
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Table 4.9 Performance metrics of GA-ANFIS, PSO-ANFIS and GRNN for SPI-9

R? RRMSE NSE

MSD GA- PSO- GA-  PSO- GA-  PSO-
ANFIS ANFIS GRNN ANFIS ANFIS GRNN ANFIS ANFIS GRNN
Bl 0.783 0.789 0.778 0548 0508 0.546 0.7 0.740 0.698

EUP 0.715 0.702 0.633 0552 0572 0663 0.693 0.671 0.558
JH 0.787 0.790 0.735 0.470 0.467 0551 0.777 0.781 0.694
OR 0.519 0528 0509 0.709 0.696 0.698 0.509 0.513 0.494
UK 0.809 0823 0.789 0436 0419 0460 0.809 0.823 0.787
Wup 0.697 0.696 0.639 0570 0573 0.656 0.673 0.669 0.566

AP 0.772 0770 0.751 0481 0.483 0509 0.767 0.765 0.739
AM 0.648 0739 0.638 0.677 0532 0652 0572 0.715 0538
GwB 0695 0.699 0667 0552 0549 0577 0693 0.696 0.665
NMMT 0859 0.847 0.815 0.395 0425 0605 0.843 0.818 0.631
SHWBS 0452 0465 0.448 0.784 0767 0774 0.397 0.408 0.381

ER 0683 0.677 0632 0563 0569 0.607 0681 0.675 0.630
GJ 0648 0.632 0606 0.592 0.606 0.627 0.648 0.630 0.604
HCD 0.600 0.603 0530 0.638 0637 0.692 0591 0598 0517
HP 0665 0.665 0.639 0588 0589 0.605 0.652 0.650 0.631
JK 0.803 0.802 0.758 0.447 0.448 0496 0.799 0.798 0.752
PN 0696 0.696 0.674 0553 0555 0.578 0.692 0.689 0.663
SKD 0.616 0617 0545 063 0.628 0.693 0.600 0.603 0.517
WR 0700 0.689 0653 0555 0563 0.595 0.690 0.681 0.644

CAP 0.738 0.759 0.699 0511 0493 0557 0.737 0.756 0.688
CK 0.656 0.687 0650 0585 0558 0.595 0.656 0.687 0.644
KL 0.818 0809 0.771 0464 0479 0490 0.784 0.770 0.758

RAY 0561 0.733 0679 0.665 0524 0589 0651 0.723 0555
SIK 0.785 0782 0770 0464 0466 0489 0.783 0.781 0.759

TNP 0781 0779 0.721 0467 0470 0560 0.781 0.778 0.685

CHH 0536 0536 0503 0.688 0.702 0.717 0524 0504 0.482
EUP 0.718 0734 0691 0568 0558 058 0.662 0687 0.675
KG 0.711 0.704 0687 0538 0552 0584 0.708 0.694 0.656
MM 0.720 0.744 0.682 0527 0506 0595 0.720 0.743 0.644
MA 0.731 0.728 0.697 0518 0524 0566 0.729 0.724 0.678
NIK 0.753  0.759 0.748 0.496 0.493 0500 0.752 0.755 0.748
TE 0712 0716 0711 0536 0532 0541 0.711 0.715 0.705
Vi 0.751 0752 0.734 0515 0499 0599 0.733 0.749 0.709
WMP 0.684 0674 0651 0560 0573 0595 0.684 0.669 0.643
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The evaluation of these models based on multiple performance metrics helps in
identifying the most accurate and reliable model for each region, facilitating effective
drought monitoring and management strategies. It offers valuable insights into the
strengths and weaknesses of each model and aids in making informed decisions for

various applications related to climate and water resource management.

4.2.3 Performance evaluation of SPI-12 prediction

The performance evaluation of the 12-month timescale Standardized Precipitation
Index (SPI-12) is a crucial aspect of drought monitoring and prediction. It involves
assessing the accuracy and effectiveness of predicting models, such as GRNN, GA-
ANFIS, and PSO-ANFIS, in predicting SPI-12 values for different meteorological
subdivisions. The evaluation aims to determine the most accurate and reliable
prediction model for SPI-12. The evaluation results contribute to climate studies by
providing insights into long-term drought trends and variations across different regions.
In summary, the performance evaluation of the SPI-12 for predicting the models is
essential for understanding the accuracy of drought predictions in different

meteorological subdivisions.

From figure 4.20, both GA-ANFIS and PSO-ANFIS models demonstrate remarkable
prediction results in the Central North-East region, specifically in the Uttarakhand
subdivision. The scatterplot for this region reveals a close alignment between the
observed and predicted SPI-12 values by both models. The high R? value of 0.881
indicates a strong correlation between the observed and predicted values, while the low
RRMSE value of 0.344 and high NSE value of 0.881 highlight the models' accuracy
and ability to capture the variability in SPI1-12. This close agreement in the scatterplot
confirms the robustness and reliability of both models in capturing the precipitation
patterns that lead to drought conditions in the Uttarakhand subdivision of Central
Northeast region.

In the North-East region, the PSO-ANFIS model stands out with the best predicted
results, specifically in the Nagaland-Manipur-Mizoram-Tripura subdivision. The
scatterplot for this subdivision indicates a strong alignment between the observed SPI-
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12 values and the SPI-12 values predicted by the PSO-ANFIS model as illustrated in
Figure 4.21. The high R? value of 0.907 further reinforces the strong correlation
between the observed and predicted values, while the low RRMSE value of 0.315 and
high NSE value of 0.9 demonstrate the model's accuracy in capturing long-term
precipitation patterns and drought conditions in this region. The visually close grouping
of data points in the scatterplot confirms the reliability and effectiveness of the PSO-
ANFIS model in predicting SPI-12 for the Nagaland-Manipur-Mizoram-Tripura
subdivision.

The PSO-ANFIS model also exhibits the best prediction results in the Northwest region,
specifically in the Jammu-Kashmir subdivision (Figure 4.22). The scatterplot for this
subdivision shows a strong alignment between the observed and the predicted SPI-12
values by the PSO-ANFIS model. The high R? value of 0.878 reflects the strong
correlation between the observed and predicted values, while the low RRMSE value of
0.348 and high NSE value of 0.891 emphasize the model's accuracy in capturing the
variability in SPI-12 over a 12-month period in the Jammu-Kashmir subdivision. The
scatterplot's clustering of data points around the regression line reinforces the model's

reliability and effectiveness in predicting the SPI-12 for this region.

In the Peninsular region, the GA-ANFIS model stands out with the best prediction
results, specifically in the Kerala subdivision (Figure 4.23). The scatterplot for this
subdivision reveals a close alignment between the observed SPI-12 values and the SPI-
12 values predicted by the GA-ANFIS model. The high R? value of 0.884 indicates a
strong correlation between the observed and predicted values, while the low RRMSE
value of 0.339 and high NSE value of 0.884 highlight the model's accuracy in capturing
the long-term precipitation patterns and drought conditions in Kerala. The tight
clustering of data points around the regression line in the scatterplot confirms the

model's reliability and effectiveness in predicting SPI1-12 for this region.
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The PSO-ANFIS model exhibits the best performance in the West Central region,
particularly in the Konkan-Goa subdivision. The scatterplot for this subdivision
demonstrates a strong alignment between the observed and predicted SPI-12 by the
PSO-ANFIS model (Figure 4.24). The high R? value of 0.867 indicates a strong
correlation between the observed and predicted values, while the low RRMSE value of
0.367 and high NSE value of 0.863 underscore the model's accuracy in capturing the
variability in SPI-12 in Konkan-Goa. The close grouping of data points around the
regression line in the scatterplot further verifies the model's reliability and effectiveness

in predicting SPI-12 for this region compared to the other meteorological subdivisions.

Figures 4.20 to 4.24 display the scatterplots, which visually illustrate the relationship
between the observed and the predicted SPI-12 values by these machine learning
models. The scatterplots cover the Central Northeast, North-East, Northwest,
Peninsular, and West Central regions, encompassing thirty-four meteorological
subdivisions (MSDs). The scatterplots allow for a direct visual comparison between the
observed and predicted SPI-12 values, enabling the evaluation of the models'
performance in capturing the variability and patterns of precipitation that lead to
drought conditions in each meteorological subdivision. The robustness and consistency
of the hybrid GA-ANFIS and PSO-ANFIS models are apparent from their ability to
closely approximate the observed SPI1-12 values in a large number of MSDs, providing
valuable insights into the effectiveness of these models in capturing long-term
precipitation patterns. In addition, the prediction of SPI-9 and SPI-12 can be noted that

as the timescale increases, the model performance also improved.

Table 4.10 presents the predicted results for the SP1-12, exhibiting a similar pattern of
results to SPI-9. The evaluation compares the performance of three machine learning
models: GA-ANFIS, PSO-ANFIS, and GRNN, in predicting SPI-12 values across
different meteorological subdivisions. Similar to the analysis for SPI-9, it offers a
comprehensive evaluation of the predictive capabilities of the three models for SPI-12
on three key performance metrics, R?2, RRMSE and NSE providing a quantitative

assessment of the accuracy and reliability of each model's predictions.
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Table 4.10 Performance metrics of GA-ANFIS, PSO-ANFIS and GRNN for

SPI-12
R? RRMSE NSE
MSD GA- PSO- GA- PSO- GA- PSO-
ANFIS ANFIS GRNN ANFIS ANFIS GRNN ANFIS ANFIS GRNN
Bl 0.848 0859 0.839 0429 0386 0443 0814 0.850 0.802

EUP 0.818 0821 0686 0430 0.440 0597 0.813 0.805 0.633
JH 0.844 0857 0.807 0397 0380 0529 0841 0.855 0.718
OR 0.705 0.707 0.691 0554 0541 0564 0.691 0.705 0.680
UK 0.881 0881 0843 0344 0344 0398 0881 0.881 0.841

WUP 0826 0825 0.714 0435 0452 0581 0.810 0.794 0.645

AP 0873 0874 0791 0356 035 0461 0873 0.873 0.786
AM 0.843 0837 0733 0409 0414 0537 0831 0828 0.710
GwB 0.823 0818 0803 0419 0426 0453 0.823 0.817 0.793
NMMT 0906 0907 0.749 0316 0.315 0.521 0900 0.901 0.727
SHWBS 0609 0596 0559 0371 0376 0410 0.552 0542 0.455

ER 0815 0809 0.797 0429 0436 0451 0.814 0809 0.795
GJ 0.848 0846 0811 0390 0392 0435 0847 0.846 0.810
HCD 0.781 0.789 0.739 0471 0466 0522 0.776 0.781 0.726
HP 0.751 0.749 0719 0504 0505 0530 0.744 0.743 0.717
JK 0877 0878 085 0350 0348 0382 0.890 0.891 0.872
PN 0.799 0801 0.734 0452 0448 0523 0795 0.797 0.725
SKD 0831 0828 0.756 0.422 0417 0533 0825 0.821 0.714

WR 0.805 0807 0.802 0448 0440 0449 0.798 0.805 0.797

CAP 0834 0847 0806 0410 0391 0441 0831 0.846 0.804
CK 0.819 0828 0817 0426 0414 0429 0817 0.828 0.816
KL 0.884 0879 0850 0339 0345 0390 0.884 0.880 0.847
RAY 0.796 0.798 0.747 0453 0450 0510 0.794 0.796 0.738
SIK 0.856 0855 0.831 0379 0380 0419 0856 0.855 0.824
TNP 0863 0869 0828 0370 0362 0424 0862 0.868 0.819

CHH 0.775 0772 0721 0479 0481 0570 0769 0.767 0.673
EUP 0825 0829 0.767 0425 0422 0502 0.818 0.821 0.746
KG 0.864 0867 0.807 0.369 0367 0455 0863 0.863 0.792
MM 0.851 0861 0793 0394 0373 0477 0844 0860 0.771
MA 0.865 0856 0808 0.366 0.380 0453 0.865 0.855 0.793
NIK 0.858 0859 0812 0376 0375 0438 0857 0.858 0.806
TE 0.858 0860 0811 0376 0377 0436 0.857 0.858 0.809
VI 0.843 0833 0827 0395 0409 0418 0.843 0832 0.824
WMP 0.838 0832 0.825 0402 0408 0422 0837 0.832 0.821
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Overall, the study presents a thorough evaluation of the performance of machine
learning models in predicting the drought indices, specifically the EDI, SPI1-9 and SPI-
12. Three machine learning models, namely GA-ANFIS, PSO-ANFIS and GRNN were
employed and their predictions were assessed based on various statistical metrics.
Visual representation through scatterplots demonstrated the effectiveness of GA-
ANFIS and PSO-ANFIS models in predicting EDI, SPI-9 and SPI-12. The hybrid
models GA-ANFIS and PSO-ANFIS were found to give consistent superior
performance across different regions and timescales. Comparing with GRNN model
consistently favoured GA-ANFIS and PSO-ANFIS models in terms of accuracy and
reliability. The comprehensive evaluation and visualization presented valuable insights
into the effectiveness of machine learning models for predicting drought indices in
different regions, providing a basis for informed decision-making in the face of

changing climatic conditions.

4.2.4 Comparative analysis of Machine Learning Algorithms

In this study, a comprehensive comparative analysis of machine learning algorithms for
predicting and evaluating drought indices, namely EDI, SPI-9, and SPI-12, has been
conducted. The machine learning models utilized for this assessment include GA-
ANFIS, PSO-ANFIS, and GRNN. The evaluation of these models is based on the R?
metric, and the results have been visually represented through spatial maps for EDI,
SPI-9, and SPI-12 in Figures 4.25, 4.26, and 4.27, respectively. The spatial maps
demonstrate the potential of the GA-ANFIS, PSO-ANFIS, and GRNN models to
predict the drought indices accurately under varying climatic and meteorological
conditions in the study area. Remarkably, the hybrid machine learning models, GA-
ANFIS and PSO-ANFIS, have exhibited superior performance compared to the non-
hybrid GRNN model across all regions. The R? results validate the effectiveness of
machine learning algorithms in predicting the drought indices, with GA-ANFIS and
PSO-ANFIS models consistently yielding higher accuracy results in comparison to the
GRNN model. The success of the GA-ANFIS and PSO-ANFIS models can be

attributed to their ability to fine-tune parameters using metaheuristic algorithms like

106



GA and PSO, which significantly enhance prediction accuracy as compared to
conventional approaches. The findings of this comparative analysis affirm the
reliability and robustness of the machine learning models, particularly the GA-ANFIS
and PSO-ANFIS models, in predicting drought indices in diverse climatic and
geographic conditions. These outcomes hold significant implications for drought
monitoring, early warning systems, and water resource management, as the accurate
prediction of drought indices can aid in mitigating the impacts of drought events and

optimizing resource allocation.

Overall, the spatial analysis and R? evaluation demonstrate the potential of machine
learning algorithms, particularly the hybrid GA-ANFIS and PSO-ANFIS models, as
valuable tools for drought prediction in the study area and beyond. The utilization of
these advanced predictive models can lead to improved decision-making processes and
better preparedness in the face of changing climatic conditions and potential drought

events.

70° E 80°E 90°E

EDI
GA-ANFIS

30° 40°
40° N
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Figure 4.25 Spatial map representation for EDI using GA-ANFIS, PSO-ANFIS
and GRNN (R?)
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Comparison of Machine Learning Models for SPI-9 A
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Figure 4.26 Spatial map representation for SP1-9 using GA-ANFIS, PSO-ANFIS
and GRNN (R?)

Comparison of Machine Learning Models for SPI-12
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Figure 4.27 Spatial map representation for SP1-12 using GA-ANFIS, PSO-
ANFIS and GRNN (R?)
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4.3 COMPARISON OF DROUGHT INDICES

The two drought indices, EDI and SPI with 9-month and 12-month timescales exhibits
the capacity to detect from extreme drought (SPI< —2.0, EDI< —2.0) to extreme wet
conditions (SPI > +2.0, EDI > +2). From the timeseries plot of the observed and
predicted drought indices, it helps in understanding the level of severity of a dry and
wet event. Through timeseries plots depicting the observed and predicted drought
indices, the study offers valuable insights into the severity of both dry and wet events.
Each drought index exhibits a distinct range of values that defines the severity of a
drought event. By computing the EDI, SPI1-9, and SPI-12, the study accurately identifies
and distinguishes drought events across thirty-four meteorological subdivisions. As part
of the analysis, droughts are categorized into different classes, such as moderate, severe,
and extreme, based on the observed values of the respective indices. The ability to
assess drought severity using EDI and SPI1-9, SPI-12 provides critical information for
understanding the impacts of climatic variability on water resources, agriculture, and
ecosystems. Moreover, the comparative analysis of these indices enables researchers
and policymakers to quantify the magnitude of drought events and devise appropriate

mitigation strategies accordingly.

4.3.1 Temporal patterns of drought conditions in the Central Northeast

The study investigates into the temporal patterns of drought events in the Central
Northeast region through the analysis of essential drought indices: EDI, SPI-9 and SPI-
12. To visualize these patterns, Figure 4.28, Figure 4.29, and Figure 4.30 present the
timeseries plots for EDI, SPI-9, and SPI-12, respectively. Figure 4.28 illustrates the
timeseries plot for the EDI in the Central Northeast region. An interesting observation
emerges as all the meteorological subdivisions in this region experience nearly similar
drought events throughout the study period. The EDI time series plot exhibits a uniform
pattern for both dry and wet events, indicating consistent fluctuations in evaporative
demand. Notably, the region did not encounter any extreme droughts during this period
based on the EDI calculations. However, the plot reveals the occurrence of five severe

drought conditions, particularly in subdivisions like Bihar, Orissa, and Uttarakhand.
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Figure 4.29 presents the SPI-9 time series plot for the Central Northeast region. Unlike
the EDI, the SPI-9 plot indicates that the region experienced extreme drought conditions
in all six meteorological subdivisions during the study period. This index captures the
severity and duration of dry and wet spells in the region, offering valuable insights into
the extent of water stress. Figure 4.30 represents the SPI-12 timeseries plot, providing
a comprehensive understanding of drought patterns with a longer timescale. The
predictions made by GA-ANFIS, PSO-ANFIS and GRNN are also presented alongside
the observed values. These models demonstrate their ability to capture the trends of
EDI, SPI-9 and SPI-12 in most of the meteorological subdivisions, highlighting their
effectiveness in predicting drought events.

Overall, the time series plots provide valuable insights on the temporal variability of
drought events in the Central Northeast region, helping researchers and policymakers
identify patterns and trends crucial for drought management strategies. The absence of
extreme drought events based on the EDI highlights the region's resilience to severe
water stress. In contrast, SPI-9 and SPI-12 provide valuable information about the
duration and severity of droughts, aiding in assessing the impact on water resources and

agriculture.

4.3.2 Temporal patterns of drought conditions in the North-East

In the North-East region, for EDI, it has been observed that no extreme drought has
been experienced during the study period. This region also experienced severe and
moderate dry conditions. For the SPI-9 and SPI-12, both the timescale exhibits an
extreme, severe and moderate dry conditions occurring in the study area. The
occurrence of dry conditions is not uniform but varies from year to year. Figure 4.31,
Figure 4.32 and Figure 4.33 shows for EDI, SPI-9 and SPI-12 respectively showing the
dry and wet conditions occurred during the study period. Figure 4.31 displays the EDI
timeseries plot for the North-East region, indicating that no extreme drought events
were experienced during the study period. However, the region witnessed occurrences
of severe and moderate dry conditions. The plot illustrates the variability of evaporative

demand, with fluctuations in dry and wet events throughout the study period.
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For SPI-9 and SPI-12 (Figure 4.32 and Figure 4.33, respectively), the timeseries plots
depict a broader range of drought conditions in the North-East region. Both timescales
reveal the presence of extreme, severe, and moderate dry conditions during the study
period. Notably, the occurrence of dry conditions is not uniform but varies from year
to year, highlighting the region's susceptibility to interannual variability in
precipitation. The time series plots offer valuable visual representations of drought
dynamics, enabling researchers and stakeholders to better understand the temporal

patterns of drought events in the North-East region.

4.3.3 Temporal patterns of drought conditions in the Northwest

The Northwest region, characterized by arid and semi-arid climates, is subjected to
distinct hydroclimatic conditions that impact drought occurrences. The time series plots
presented in Figure 4.34, Figure 4.35, and Figure 4.36 offer valuable insights into the
nature and severity of dry conditions experienced in the region over the study period.
The EDI time series plot (Figure 4.34) indicates that the Northwest region
predominantly experiences dry conditions of a moderate nature. This is consistent with
the arid and semi-arid nature of the region, where evaporative demand typically exceeds
precipitation, resulting in prolonged dry spells.

In comparison, the SPI-9 and SPI-12 time series plots (Figure 4.35 and Figure 4.36,
respectively) demonstrate a broader range of drought conditions experienced in the
Northwest region. Both indices reveal the presence of extreme, severe, and moderate
dry conditions. The SPI-9 and SPI-12 plots offer a comprehensive assessment of the
duration and intensity of drought events, highlighting the region's vulnerability to
prolonged dry spells over varying timescales. The contrasting results between EDI and
SPI-9/SPI-12 underscore the importance of considering multiple drought indices in
drought analysis. While EDI provides insights into evaporative demand and dryness
patterns, SPI-9 and SPI-12 capture the combined influence of precipitation and

evaporative demand, offering a more holistic view of drought severity.
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4.3.4 Temporal patterns of drought conditions in the Peninsular

The Peninsular region comprises of six meteorological subdivisions. The time series
plots in Figure 4.37, Figure 4.38, and Figure 4.39 provide graphical representations of
the dry and wet conditions observed during the study period. The EDI time series plot
(Figure 4.37) highlights the extreme dryness observed in the Tamil-Nadu-Pondicherry
subdivision, emphasizing the region's susceptibility to prolonged periods of water
scarcity and drought. The SPI-9 and SPI-12 time series plots (Figure 4.38 and Figure
4.39, respectively) further illustrate the prevalence of extreme, severe, and moderate
dry conditions across the Peninsular region. The SPI-9 and SPI-12 indices integrate
precipitation and evaporative demand, enabling a comprehensive assessment of drought
severity over varying timescales. The analysis of these indices provides valuable
insights into the duration and intensity of drought events, contributing to a better

understanding of the region's water resource management challenges.

4.3.5 Temporal patterns of drought conditions in the West Central

The West Central region comprises nine meteorological subdivisions, each exhibiting
distinct hydroclimatic characteristics. The time series plots in Figure 4.40, Figure 4.41,
and Figure 4.42 provide graphical representations of the dry and wet conditions that
occurred during the study period. The EDI time series plot (Figure 4.40) indicates that
extreme dryness is not prevalent in any of the subdivisions within the West Central
region. Instead, the region primarily experiences severe and moderate drought
conditions, suggesting a dependence on local moisture availability. However, when
considering the SPI-9 and SPI-12 time series plots (Figure 4.41 and Figure 4.42,
respectively), it becomes evident that the entire West Central region experiences
extreme dry conditions. The SPI indices integrate both precipitation and evaporative
demand, offering a comprehensive view of drought severity over varying timescales.
These plots highlight the occurrence of prolonged and intense drought events in the
region, which can have significant implications for water resources, agriculture, and

ecological systems.
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The temporal patterns of drought events in different regions of India has been
investigated. The study uses different drought indices including EDI, SPI-9 and SPI-12
to analyse and visualise the patterns of dry and wet conditions over specific timescales.
The overview covers thirty-four meteorological subdivisions. From timeseries plot it
emphasizes the importance of considering multiple drought indices for a
comprehensive drought analysis, as each index provides unique insights into different

aspects of drought severity.

4.3.6 Regional drought across Jodhpur using station data: A case study
A case study has been taken up in the Jodhpur region which is situated in the western
part of Rajasthan. Jodhpur exhibits a hot and arid climate and remains extremely hot

and dry throughout the year.
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Figure 4.43 Rainfall station location of Jodhpur
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A brief rainfall has been observed from late June to September and during the monsoon
season, the temperature would slightly decrease. The average rainfall received during
the study period is 350 mm. In this study, six rainfall stations located at different places
in Jodhpur were considered for the analysis. The choice of Jodhpur as the case study
site is justified by its unique climate conditions and water resource management
challenges. Being a region with limited and erratic rainfall, it faces heightened
vulnerability to drought and water scarcity. The case study conducted in the Jodhpur
region contributes to the broader understanding of hydroclimatic patterns in arid regions
and aid in formulating region-specific adaptation and mitigation strategies for climate
change-induces challenges. Figure 4.43 represents the rainfall station location of

Jodhpur for the study. Table 4.11 shows the statistical properties of the rainfall for the

study area.
Table 4.11 Statistical properties of rainfall for the study
Station Location Max Min Mean  Standard Coefficient
(mm) (mm)  (mm)  deviation of variance

Jodhpur 26°18'N

73°19'47.99"E 376.86 0.00 30.36 59.02 1.94
Osian 26°43'1.19"N

72°55'1.2"E 296.12 0.00 27.88 51.70 1.85
Phalodi 27°75'8.79"N

72°22'1.2"E 282.43 0.00 19.70 39.02 1.98
Bilara 26°10'58.79"N

73°42'E 495.04 0.00 34.52 67.63 1.96
Shergarh 26°19'58.79"N

72°17'59.99"E 313.72 0.00 21.55 44.45 2.06
Pipar Road 26°19'58.79"N73°

30'E 705.32 0.00 34.48 70.14 2.03

EDI has been used in a limited studies and Rajasthan, one of the driest states in India
has not been explored using soft computing techniques in areas with drought or climate
extremes. Hence, the present study is aimed to predict regional drought across six
stations within the Jodhpur district of Rajasthan state, India. The models based on
ANFIS optimised by nature-based optimisers were applied for time-series prediction of
monthly EDI. The Genetic algorithm (GA) and Particle swarm optimiser (PSO) were

used to optimise the premise and resulting parameters of ANFIS. Both algorithms have
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demonstrated their ability to search for optimal global solutions. A Generalised
Regression Neural Network (GRNN) modelling was also adopted for comparative

performance evaluation with ANFIS-based models.

The findings of this study suggest that GA-ANFIS, PSO-ANFIS and GRNN can be
used as a means of forecasting the EDI (Azimi et al. 2022) in the arid region. Comparing
the results overall, it reveals that the GA-ANFIS and PSO-ANFIS models perform
better than the GRNN model in most of the rainfall stations in the study area. The
findings from all the models show that, in all the stations, the correlation between
observed and predicted values as in terms of R? increases considerably as the number
of forecast input combinations increases. The Osian Road rainfall station depicts better
results for 2- input model combinations for GA-ANFIS and PSO-ANFIS model,
revealing a high degree of correlation for models. The Shergarh rainfall station using
the GA-ANFIS model yields better results among all the six rainfall stations for 3 and
5- input model combinations, indicating a high degree of correlation for the models. In
terms of R2, NRMSE, NNSE and MAE, the prediction results have also revealed that
employing the hybrid models, i.e., GA-ANFIS and PSO-ANFIS, is more effective at
forecasting the EDI in all rainfall stations. The performance of R? values is presented
in Table 4.12. An R? value between 0.7 and 0.9 indicates a high degree of correlation,
a values between 0.5 and0.7 indicates a moderate degree of correlation and a value
between 0.3 and 0.5 indicates a low degree of correlation (Belayneh and Adamowski
2013).

Table 4.12 Performance of R? of the models

Station B GA-ANFIS PSO-ANFIS GRNN
Statistics 2 3 5 2 3 5 2 3 5
Jodhpur 074 073 072 072 073 07 07 061 064
Osian 075 074 073 075 074 073 073 067 063
Phalodi 074 073 074 072 074 069 069 071 066
Bilara R? 062 066 066 064 068 066 066 055 057
Shergarh 074 075 078 073 074 076 076 07 063
Pipar
Rc?ad 066 067 069 066 067 07 07 063 059
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Overall, in this study, the hybrid models GA-ANFIS and PSO-ANFIS outperformed
the standalone model like GRNN in forecasting drought. Hybrid models are developed
by combining different machine learning models and proves to be better methods than
standalone (Adnan et al., 2021). The GA and PSO are high level problem solving
algorithms (Sorensen and Glover 2013) where it is combined with ANFIS to generate
high quality solutions. Hence, several studies recommended using hybrid models that
increase the forecast accuracy and hybrid models are becoming more popular in drought
forecasting and other studies related to hydrology (Hajirahimi and Khashei, 2022).

Violin plots are also like box plots, but they are more informative than box plots. The
violin plot is a single representation that combines the box plot and density trace (or
smoothed histogram) in a synergistic way to reveal dataset (Hintze and Nelson 1998).
The violin plots provide a better indication of the shape of the distribution by showing
the existence of clusters in data. The tip of the violin plot at the top represents the
maximum data value, the bottom tip represents the minimum data value and it shows

the indication of how much data has been accumulated at each point.

Figures 4.44 to 4.46 show that violin plots for all six different rainfall stations were
obtained for the different input combinations i.e., 2-, 3- and 5- input combinations In
this study, the violin plot represents the observed data, GA-ANFIS, PSO-ANFIS and
GRNN for 2, 3 and 5- input combinations. From the violin plot, one can visualise the
distribution shape of the models and conclude which model has a better prediction
accuracy w.r.t to the observed data. It depicts the performance of the models across
various rainfall stations. Each violin plot includes information about the mean, median,
maximum and minimum values offering a comprehensive view of the model’s
predictive behaviour. Patterns in the violin plots reveal how well the models capture
the variability in observed data. By comparing the distribution shapes across different
models, one can make qualitative assessment of the prediction accuracy. The model
where the violin plots closely align the observed data indicate better prediction
accuracy. The collection of violin plots serves as a comprehensive visual tool for model

comparison and assessment.
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Jodhpur being an arid region the case for forecasting drought using the EDI is relevant.
In this study, soft computing techniques like GA-ANFIS, PSO-ANFIS and GRNN have
been developed to forecast the EDI drought index in Jodhpur, Rajasthan, India, for six
rainfall stations. The outcomes of the monthly EDI evaluation were compared with
different machine learning algorithms. The study compares the various models and
finds that the GA-ANFIS and PSO-ANFIS models which are hybrid machine learning
algorithms perform better than the GRNN model. Hybrid machine learning algorithms,
such as GA-ANFIS and PSO-ANFIS has shown remarkable capabilities in producing
accurate drought predictions. The application of these algorithms to the rainfall station
data in the Jodhpur region of western Rajasthan has yielded highly reliable results in
predicting meteorological drought indices. Likewise, the rainfall stations data for the
Jodhpur region with the meteorological subdivision rainfall data of western Rajasthan
depicts a similar result. The obtained results using the station data of Jodhpur and the
western Rajasthan meteorological subdivision rainfall data holds good for both. Also,
it is observed that, there is not much deviation in the rainfall dataset for both station
data and meteorological subdivision data. Hence, it is reliable to use the meteorological
subdivision rainfall data in predicting the meteorological drought indices in other

regions with similar climatic conditions.

4.3.7 Effectiveness of Drought Indices in detecting historical droughts

The study investigates into the computation and analysis of crucial drought indices,
namely EDI, SPI-9 and SPI-2. The data utilized for this investigation spans an extensive
60-year period, from 1958 to 2017, encompassing diverse climatic conditions and
capturing the intricacies of drought patterns over the years. India has experienced
several major drought events during the study period, with 14 notable droughts
occurring in the years 1965, 1966, 1968, 1972, 1974, 1979, 1982, 1986, 1987, 2002,
2004, 2009, 2014, and 2015 (Mishra et al. 2019). To comprehensively understand and
compare the results obtained from the adopted drought indices, the study focused on

two significant drought years, 2002 and 2009, and their correlation with the EDI, SPI-
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9, and SPI-12. The drought year for 2004, 2014 and 2015 have also been considered for
the analysis and the figures are appended w.r.t Figures A.1.1to A.1.9

To visually represent and verify the spatial distribution and severity of drought
occurrences, spatial distribution maps were prepared for the EDI, SPI-9, and SPI-12
indices. These maps serve as valuable tools to comprehend the geographical extent and
intensity of drought events in the study area. The incorporation of spatial distribution
maps aids in identifying regions that are particularly vulnerable to droughts, facilitating
informed decision-making for drought mitigation and resource allocation. To gain
insights into the drought dynamics during the entire study period, maps for the
remaining drought years have been included in the report's appendices. This
comprehensive approach ensures a holistic evaluation of drought occurrences over the
60-year duration, enabling researchers and policymakers to identify recurrent drought-
prone regions and formulate targeted strategies for drought management and
adaptation. By focusing on significant drought years and adopting multiple drought
indices, the study enhances our understanding of drought patterns and their implications

for various regions.

4.3.7.1 Drought year 2002

The drought in India in the year 2002 has a significant event that affected several
regions of the country. It was one of the severe drought India experienced in recent time
and has a significant impact on agriculture, water availability and overall economy. The
complexity of this drought event suggests that both natural climatic factors and human
activities may have played pivotal roles in its occurrence, making it a crucial case study
for understanding and managing droughts. From Figure 4.47, the analysis using EDI
revealed that during May and June, the majority of the regions in India experienced
moderate dry conditions, with a few exceptions such as Uttarakhand, Jammu-Kashmir,
Arunachal Pradesh, and Assam-Meghalaya. However, in the following months, the
conditions shifted towards near-normal, indicating a relatively stable situation with

neither severe drought nor excessive wetness in most areas. This temporal pattern is
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essential for understanding the dynamics of drought events and devising appropriate

drought management strategies.
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Figure 4.47 Spatial Distribution maps for drought year 2002 using EDI

Moving on to SPI-9 as depicted in Figure 4.48, the spatial distribution map for the
drought year 2002 showed that the most severe drought conditions occurred from July
to December, encompassing the monsoon, post-monsoon, and winter seasons. During
this period, the homogenous regions of Central Northeast, Northwest, certain parts of
Peninsular, and the West Central regions experienced a range of drought conditions,
varying from extreme drought to moderate drought. Although drought conditions were
observed in other months as well, they were less widespread. Notably, Tamil Nadu-
Pondicherry experienced an extreme drought condition throughout the year,

emphasizing the region's vulnerability to prolonged dry spells.
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Figure 4.48 Spatial Distribution maps for drought year 2002 using SP1-9
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Figure 4.49 Spatial Distribution maps for drought year 2002 using SPI1-12
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The analysis for SPI-12 mirrored the findings for SPI-9, where drought conditions were
most prominent from July to December, affecting the same regions. The SPI-12 results
have been presented with Figure 4.49 which indicated that dry conditions persisted
during this period, aligning with the SPI-9 results. In Tamil Nadu-Pondicherry, the
extreme drought condition prevailed consistently throughout the year, as evidenced by
both SPI-9 and SPI-12.

Overall, it has been observed that SP1-9 and SPI-12 shows a good representation for
the drought in India during 2002. The key factors contributing to the drought during
2002 could primarily be a combination of natural and human factors. Inadequate
monsoon rainfall during the monsoon season also triggers drought in the region.
Furthermore, human-induced factors such as deforestation, land degradation, and
improper land use practices also contributed to the severity of the drought. These
activities disrupt local weather patterns, decrease the land's capacity to retain moisture,
and increase soil erosion, intensifying the effects of the drought. The human impact on
the environment can amplify the vulnerability of specific regions to drought events. It
is important to emphasize that droughts are complex phenomena influenced by various
interrelated factors. The specific combination of natural and human-induced factors
contributing to drought can vary significantly from one region to another within India.
Each region's unique climate, geographical features, and human activities can play a
distinct role in shaping drought conditions.

4.3.7.2 Drought year 2009

The year 2009 was another significant period of drought in India. Several
meteorological subdivisions across the country faced severe drought conditions during
this year. The drought in 2009 had a detrimental effect on agriculture, water resources
and livelihoods. By utilizing the Effective Drought Index (EDI), this study effectively
captured the severity of the 2009 drought and its temporal distribution across the study
area. The analysis of the EDI revealed that from the month of April until July,
significant parts of the region experienced moderate dry conditions, as graphically

illustrated in Figure 4.50. During this period, the deficiency of rainfall and the
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consequent reduction in soil moisture had a substantial impact on the agricultural sector,
impeding crop growth and negatively affecting yields. Additionally, the scarcity of
water resources during this critical time further exacerbated the plight of both rural and
urban populations, posing challenges to daily life and economic activities.
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Figure 4.50 Spatial Distribution maps for drought year 2009 using EDI

The analysis of SPI-9 for the year 2009 revealed compelling insights into the
spatiotemporal patterns of drought conditions. From the month of May until December,
the study area experienced varying degrees of drought severity, ranging from moderate
to extreme conditions. During the month of May, a noteworthy aspect of the analysis
was that the entire study area faced moderate to extreme dry conditions. Specifically,
certain regions, such as the North-East, encountered severe to extreme drought, while
other meteorological subdivisions displayed moderate to extreme drought conditions.
These findings demonstrate the pervasive nature of the drought's impact across the
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region, affecting diverse climatic zones. From Figure 4.51 the month of June, July, and
August, became evident that Central Northeast, Northwest, and some parts of the West
Central regions experienced extreme drought conditions. During this period, the
deficiency of rainfall and prolonged dry spells significantly impacted agricultural

activities, water resources, and overall livelihoods.
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Figure 4.51 Spatial Distribution maps for drought year 2009 using SP1-9

The assessment of the SPI-12 for the year 2009 provided valuable insights into the
drought conditions prevailing across the study area. The analysis revealed that the
drought patterns identified by SPI-12 which is presented in Figure 4.52 were similar to
those observed by SPI-9 during the same year, highlighting the consistency and
reliability of both indices in capturing drought severity.

The SPI1-12 analysis indicated that the drought conditions during 2009 persisted from
June to December, indicating a prolonged period of water scarcity and its adverse

139



impacts on various sectors such as agriculture, water resources, and overall socio-
economic well-being. This extended duration of drought highlighted the importance of
long-term drought monitoring and preparedness to address the sustained challenges
posed by water scarcity. It is noteworthy that, despite the similarity in the timing of
drought occurrence between SPI-9 and SPI-12, the severity of drought conditions as
depicted by SPI-12 was relatively less compared to SPI-9. This observation suggests
that SPI-12, with its longer timescale, tends to smooth out short-term fluctuations in
precipitation and emphasizes the overall long-term drought trend. As a result, SPI-12
might exhibit fewer instances of extreme drought severity compared to SP1-9, which

primarily focuses on short-term drought impacts.
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Figure 4.52 Spatial Distribution maps for drought year 2009 using SPI1-12

Overall, the findings from the results reveals that, SP1-9 and SPI1-12 are more effective
than EDI in detecting the historical droughts. One of the key factors contributing to
drought conditions is inadequate monsoon rainfall. The deficit or insufficient rainfall
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during the monsoon season has been identified as a significant cause of drought in India.
The study findings confirm this observation, as the analysis of SP1-9 and SPI-12 clearly
revealed periods of water scarcity and drought in regions experiencing below-average
monsoon precipitation. These findings underscore the importance of monitoring and
understanding monsoon variability and its impact on drought conditions to facilitate
proactive drought preparedness and water resource management. The year 2009 stands
out as an illustrative example, wherein the uneven distribution of rainfall in various
parts of the study region played a pivotal role in exacerbating the drought conditions.
This irregular rainfall pattern led to the over-exploitation of groundwater resources due
to excessive farming practices and inadequate water management, intensifying the
severity of the drought. The results from SP1-9 and SPI-12 for the year 2009 highlighted
the region's vulnerability to such fluctuations in rainfall, stressing the need for

sustainable water management practices to mitigate the impacts of drought.
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CHAPTER 5

SUMMARY AND CONCLUSIONS

5.1 BACKGROUND

This chapter presents the conclusions drawn based on the research insights gained from
the study findings. Rainfall is one of the key factors for climatic parameters causing an
impact on the environment. Drought, a prolonged and complex phenomenon, poses
challenges in predicting its occurrence, magnitude, and intensity. India is a place with
diverse climatic conditions spread all over from snow-cap-filled mountains to dry arid
lands making this study a very challenging one. The research involved a comprehensive
analysis of rainfall and meteorological drought indices for thirty-four meteorological
subdivisions in India, using a 60-year dataset spanning from 1958 to 2017. The spatial
variability of rainfall across the study area resulted in wide variations from region to
region, further adding to the intricacies of the investigation. To ascertain trends in
rainfall and meteorological drought indices, EDI, SPI-9 and SPI1-12, the Mann-Kendall
test was applied for annual, monthly, winter, pre-monsoon, monsoon, and post-
monsoon periods across the thirty-four meteorological subdivisions. The research
findings underscore the significance of understanding rainfall patterns and their impact
on drought conditions, especially in a country as diverse as India. The study reveals
valuable insights into the temporal and spatial variations of rainfall, highlighting the
need for region-specific drought assessment and preparedness strategies. The
application of machine learning algorithms for predicting meteorological drought
indices has been carried out highlighting their suitability for drought prediction in
diverse climatic conditions. The study also emphasized the significance of historical
drought analysis, enabling a deeper understanding of past drought occurrences and their

contributing factors.
5.2 Trend analysis of rainfall and meteorological drought indices

The findings from the Mann-Kendall test for trend analysis indicate noteworthy patterns

in the rainfall behaviour across various timescales in the study area. Over the study
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period, a substantial proportion of meteorological subdivisions exhibited a declining
trend. The declining trends in annual, monthly, pre-monsoon, monsoon, post-monsoon,
and winter rainfall highlight a concerning change in the precipitation patterns over the
years. Such changes in rainfall trends have significant implications for the wetness and
dryness conditions experienced in the region, as indicated by the numerical
representation of drought indices, namely EDI and SPI. Notably, it was observed that
during the non-monsoon period, a substantial portion of the study area experienced dry
conditions. This emphasizes the critical role of seasonal rainfall in maintaining water
availability and mitigating drought impacts. The declining rainfall trends could be
attributed to climate change, characterized by rising temperatures and changes in

seasonal precipitation patterns.

The numerical representation of drought indices highlights the sensitivity of wetness
and dryness conditions to the observed changes in rainfall. As such, understanding the
rainfall trends and their correlation with drought conditions is of utmost importance in
developing effective mitigation strategies to address the impacts of drought. Given the
diverse climatic conditions in the study region, the identification of declining rainfall
trends and increasing dryness demands urgent attention from policymakers and water
resource managers. Proactive measures are essential to build climate resilience, secure

water resources, and devise adaptive strategies to cope with drought challenges.

Overall, the trends in rainfall and their effects on drought conditions call for a
comprehensive approach towards climate monitoring and adaptive water management.
By recognizing the implications of changing rainfall patterns, stakeholders can
collaboratively work towards sustainable solutions to combat drought and secure the
well-being of the region’s inhabitants and ecosystems.

5.3 Prediction of meteorological drought indices using machine learning
algorithms
The abilities of the machine learning algorithms to predict the meteorological drought

indices, EDI, SPI-9 and SPI-12 has been investigated. The study has been carried out
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for 60 years (1958-2017). Based on the performance of the machine learning
algorithms, it has been found that the hybrid models, GA-ANFIS and PSO-ANFIS
models were found to provide better results as compared with the GRNN model.
Despite having diverse climatic characteristics in the study area, this study's findings
revealed a significant effect on the prediction accuracy of the meteorological drought

indices using machine learning techniques.

An interesting aspect discovered in the study was the influence of the timescale of the
SPI1 on the prediction accuracy of the machine learning algorithms. As the timescale of
the SPI increased, a noticeable enhancement in the prediction accuracy was observed,
indicating the relevance and effectiveness of machine learning techniques in capturing
long-term drought patterns. To comprehensively evaluate the models performance,
several evaluation metrics, including R?, NSE, and RRMSE, were employed for all
three indices, EDI, SPI-9, and SPI-12. The outcomes consistently demonstrated the
superiority of GA-ANFIS and PSO-ANFIS over the GRNN model, with significant
improvements in R?, NSE, and RRMSE values in most regions.

In addition to the model comparisons, the research emphasized the pivotal role of
rainfall in predicting meteorological drought indices. It is evident that accurate and
timely precipitation data greatly influences the efficacy of drought prediction. This
emphasizes the importance of understanding rainfall patterns and trends in devising
effective mitigation strategies and planning for regions susceptible to drought
conditions. With the identification of robust and accurate machine learning models for
predicting the drought indices, this study may be beneficial in understanding drought
behaviour and identifying drought-prone locations and preparing mitigation strategies
to overcome the impacts of droughts.

5.4 Detecting Historical Droughts: Assessing the Efficacy of Drought Indices
The core of effectively detecting and comprehensively assessing historical drought
events lies in the understanding and management of past drought occurrences. For this
purpose, the meteorological drought indices, namely EDI, SPI-9, and SPI-12, are

diligently computed and compared with the identified drought years within the study
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period. This detailed evaluation of appropriate drought indices provides valuable
insights into the characteristics, patterns, and impacts of historical drought events.
Analysing and comparison of the meteorological drought indices EDI, SPI-9, and SPI-
12, it becomes evident that SP1-9 and SPI-12 serve as reliable indicators for identifying
previous drought events. These indices exhibit a robust ability to represent and evaluate
drought conditions with precision, making them invaluable tools for drought detection

and assessment.

The significance of detecting historical droughts and analysing the efficacy of drought
indices extends beyond broad research. Such endeavours hold profound implications
for better comprehending past drought events, effectively preparing for future droughts,
and advancing the development of sustainable water management practices and
policies. By collecting knowledge from historical drought data, decision-makers can
formulate informed strategies to mitigate the impacts of drought, enhance water
resource management, and ensure long-term resilience in the face of changing climate

patterns.

Overall, the integration of historical drought analysis and the evaluation of drought
indices contribute significantly to the advancement of drought research, resource
planning, and environmental conservation. This study serves as a vital bridge towards
a more informed and proactive approach to drought management and sustainable water
usage, ultimately benefitting communities, ecosystems, and economies impacted by

drought conditions.

5.5 FUTURE SCOPE

The future scope of research in the domain of drought indices and machine learning
holds promising avenues for exploration and enhancement. Further research may be
carried out for drought indices using the same machine learning models and for the
same indices to explore and evaluate other machine learning models. The exploration
of diverse algorithms holds the potential to unlock novel perspectives, offering
opportunities to elevate the precision and dependability of drought predictions.

Moreover, the scope of this work can be extended to encompass the forecasting of
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future drought events not only the current study area but also in diverse regions. This
broader geographical exploration can contribute to a more comprehensive

understanding of drought patterns and trends across varied landscapes.

Furthermore, the future scope extends beyond the current study offering opportunities
for advancement in predictive modelling, global applicability, climate change
integration and a more nuanced understanding of drought. These avenues of exploration
collectively contribute to the ongoing efforts in effective drought management and

sustainable water resource planning.

5.6 LIMITATION OF THE STUDY

While the study contributes significantly to the understanding of drought patterns and
the effectiveness of machine learning models in predicting meteorological drought
indices, there are several limitations on the study. Since the study is confined to the
Indian region specifically the thirty-four meteorological subdivisions, the findings may
not be directly applicable to other geographical locations. Limitations in data quality,
gaps or inaccuracies may influence the precision of the analysis. The study does not
explicitly incorporate climate change variables which could significantly impact
drought patterns. However, the specific investigation of drought termination dynamics

is not extensively explored, providing potential for further research.
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APPENDICES

APPENDIX-1
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Figure A.1.1 Spatial Distribution maps for drought year 2004 using EDI
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Figure A.1.2 Spatial Distribution maps for drought year 2004 using SPI1-9
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Figure A.1.4 Spatial Distribution maps for drought year 2014 using EDI
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Figure A.1.6 Spatial Distribution maps for drought year 2014 using SPI1-12
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Figure A.1.7 Spatial Distribution maps for drought year 2015 using EDI
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